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ABSTRACT 
 
Nearly 20 studies conducted in the last 40 years have indicated that tuberculosis (TB) represents a 
major health concern among migrant farm worker (MFW) populations, but their role in the transmission 
of TB within the broader community has been poorly understood. To this end an ecological study was 
undertaken which examined 67 Florida counties between years 2009 through 2013. Its aims were as 
follows: (1) to describe the demographic, geographic, and temporal distribution of the incidence of active 
TB, (2) to examine the effect of agriculturally relevant seasonal periods on the incidence of active TB, and 
(3) to quantify the strength and direction of the association between the incidence of active TB and the 
quantity of MFWs at the county-level while adjusting for known ecological risk factors. Secondary data was 
obtained from a total of eight government resources. Statistical analyses began with univariate and bivariate 
statistics, and this was followed by choropleth maps, Moran’s I, and hot spot analyses during the geographic 
analysis. Temporal analyses consisted of graphical methods examining TB incidence on annual, quarterly, 
monthly, and seasonal bases as well as regression modelling with repeated measures. Multivariate analyses 
were performed with a series of negative binomial regression models, one for each year of the study time 
period. The results indicated a lack of any geographic relationship between the clustering of high incidence 
counties and those with larger MFW populations. Incidence rates in counties with larger MFW populations 
seemed to follow a cyclic pattern in which increases occurred during the spring and early summer, but this 
seasonal pattern was neither consistent nor prominent throughout the study time frame. Similarly, 
multivariate analyses yielded no associations between TB incidence and the quantity of MFWs during the 
5-year study period, although relationships were detected between TB incidence and other demographic 
and socioeconomic variables. Altogether there was insufficient evidence to conclude that MFW populations 
contributed to TB transmission in the broader communities that they occupied. In the absence of any 
standard, reliable data sources reporting on MFW numbers, future inquiries into this topic would benefit 
from improved estimation strategies of MFW population sizes. Also, modelling may be enhanced by 
 
x 
 
techniques adapted to spatial autocorrelation, and spatial scales finer than the county-level should be 
examined. 
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CHAPTER ONE: 
INTRODUCTION 
 
Tuberculosis (TB) is a major global infectious disease that has scourged humankind throughout 
ancient history and up to the present time. Skeletal abnormalities characteristic of TB have been observed 
in Egyptian mummies and captured in Egyptian art dating back as far as 5,000 years.1, 2, 3, 4 Similarly, 
Mycobacterium tuberculosis DNA has been recovered from Peruvian mummies in South America dating 
back to 1,000 years ago.5 Even records from ancient Greece demonstrate that Hippocrates was well 
acquainted with the disease, then known as phthisis, as he described TB as a fairly common and fatal 
“weakness of the lung” accompanied by a fever and cough.”6, 7 Today, approximately one-third of the world’s 
population is believed to be infected with TB,8, 9, 10, 11 and it ranks as the second leading cause of death 
among infectious diseases behind human immunodeficiency virus/acquired immunodeficiency syndrome 
(HIV/AIDS). More than 95% of TB deaths occur in lesser developed countries (LDCs) where it sits among 
the top five causes of death for women between the ages of 15 and 44.12 Although great strides have been 
made in reducing TB both globally and domestically in the United States (US), ongoing progress relies on 
understanding unique transmission dynamics in areas where an elevated occurrence of the disease persists. 
In the US, these areas include the states of Texas, California, and Florida, all of which possess large 
agricultural industries with high numbers of migrant farm workers (MFWs). For several decades TB has 
been identified as a major health concern among MFWs,8, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28 however, 
their role in disease transmission within the broader community has been poorly understood. In order to 
quantify the role of MFWs in the transmission of TB in the broader community, an ecological study was 
undertaken among 67 Florida counties spanning a five year time period between January 1, 2009 and 
December 31, 2013. Florida was chosen for its consistently high TB incidence rate, large agricultural 
industry, and key position as a home base for many thousands of MFWs in the US. Specifically, the study’s 
aims were as follows: (1) to describe the demographic, geographic, and temporal distribution of the 
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incidence of active TB cases, (2) to examine the effect of agriculturally relevant seasonal periods on the 
incidence of active TB – especially among counties with relatively large MFW populations – and (3) to 
quantify the strength and direction of the association between the incidence of active TB and the quantity 
of MFWs at the county-level while adjusting for ecological risk factors known to influence the occurrence 
the disease. First, however, a summary of the clinical aspects of the disease as well as a literature review of 
the epidemiology of TB among MFWs is in order. With respect to the latter, emphases will be placed on key 
investigations; the rationale for greater TB transmission among MFWs; the distribution of TB among 
MFWs according to demographic, geographic, and temporal factors; and the risk factors of the disease 
within the MFW community. 
 
Clinical Background 
TB Characterizations 
TB may be characterized in a couple of key ways depending upon the presence of signs or symptoms 
and the site of infection. Those who display signs or symptoms are said to possess active TB, and they are 
capable of transmitting the disease to others; those who do not display clinical manifestations of the disease 
possess a latent TB infection (LTBI), and they are generally not capable of infecting other persons. LTBI is 
the result of a persistent immune response from the host in which the bacterium is walled off and prevented 
from multiplying and spreading to other sites of the body. Generally speaking, most TB cases in the US are 
the result of the reactivation of latent TB bacteria and not due to primary infection,8, 29 and only 5% to 10% 
of those infected with TB will experience active TB in their lifetime.10 TB may also be characterized as either 
pulmonary (PTB) or extra-pulmonary (XPTB) depending upon the site of infection. PTB affects the lungs 
whereas XPTB affects organs other than the lungs. Approximately 75% of active TB infections are 
characterized as PTB.30 
Chain of Transmission 
TB is caused by M. tuberculosis, a bacillus bacterium whose mode of transmission relies on droplet 
nuclei or fine spray suspended in the air after someone coughs, sneezes, spits, or speaks. The pathogen’s 
primary reservoir is infected humans, and its infectious dose is surprisingly low, requiring only a few 
bacteria.12 Generally speaking, it enters and exits the body through the respiratory tract, affecting the lungs, 
but it may attack any part of the body such as the spine, kidneys, or brain.31 Characteristic signs and 
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symptoms of TB depend on the site of infection.31 In the case of PTB, symptoms may include a severe cough 
that lasts three or more weeks, pain in the chest, coughing up blood or sputum, weakness or fatigue, weight 
loss, loss of appetite, chills, fever, and night sweats.31 
Treatment 
Treatment of TB depends on whether the infection is active or latent. Active TB is typically treated 
by taking a combination of drugs in two phases that span 6 to 9 months. Ten drugs are currently approved 
by the US Food and Drug Administration (FDA) to treat active TB, but the following make up the preferred 
regimen: isoniazid (INH), rifampin (RIF), ethambutol (EMB), and pyrazinamide (PZA). The initial phase 
of treatment consists of daily doses over 8 weeks. The next phase, often referred to as the continuation 
phase, is comprised of daily or twice-weekly doses of INH and RIF for 18 weeks.31 LTBI may be treated with 
one of three regimens: daily or twice-weekly doses of INH for 6 or 9 months; once-weekly doses of INH and 
RIF for 3 months; or daily doses of RIF for 4 months.31 If left untreated PTB may result in permanent lung 
damage and prove fatal. It may also spread to other regions of the body such as the bones, brain, liver, 
kidneys, and heart and cause severe complications such as spinal pain, joint destruction, meningitis, liver 
or kidney failure, and inflammation of the tissues surrounding the heart. 
 
Epidemiology of TB in MFW Populations 
 A Summary of Investigations 
Common risk factors, or some variation thereof, evaluated in former ecological studies and/or 
found to be associated with the aggregate-level occurrence of TB are as follows: the percentage of males;9 
the percentage of African Americans;9, 32, 33, 34, 35, 36, 37 the percentage of Hispanics;9, 34, 35, 36 the percentage of 
Asians;9, 34, 37 the annual mean unemployment rate;34, 35, 37, 38, 39 the annual poverty rate;35, 39, 40, 41 and the 
percentage of housing units with greater than one occupant per room.33, 34, 35, 37, 38, 39, 40, 42, 43, 44, 45, 46, 47, 48, 49, 
50 Additionally, individual-level risk factors associated with an increased occurrence of TB include 
increasing age; male gender; racial/ethnic minority status; foreign-born status; smoking; alcoholism; 
various measures of lower socioeconomic status (SES), including homelessness; lack of access to 
healthcare; incarceration; immunodeficiency, especially that of HIV/AIDS; chronic degenerative diseases; 
geography; overcrowding or close living quarters; residency in the urban setting; inadequate ventilation; 
increased level of exposure to contact cases; malnutrition; decreased weight; and psychosocial stress. Since 
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the mid-1980s, numerous studies have examined the relatively high occurrence of active TB and tuberculin 
reactivity among MFW communities.8, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28 The majority of these 
investigations have been cross-sectional, prevalence studies reporting tuberculin reactivity rates ranging 
between 17% among 296 MFWs in a 1995 study in Yolo County, California, to 52% among 71 MFWs in 1988 
study in Franklin County, Pennsylvania.17, 24 In the case of the former investigation, one should note that 
participants were recruited from two MFW family housing centers, which would have likely oversampled 
females in the population. Given females within MFW communities are less likely to acquire the disease, 
the true burden of TB in the community may have been underestimated. In the case of the latter study, a 
convenience sample was drawn from two migrant camps, thus limiting the generalizability of the findings.24 
Even still, the vast majority of health screenings in MFW communities have consistently reported TB 
prevalence and tuberculin reactivity rates disproportionately higher than those found in the general 
population. 
The aforementioned studies highlight some of the significant challenges faced by health related 
investigations of MFW communities: adequate sample selection, limited feasibility of study designs, and 
methods of outcome classification. For one, a lack of formal registry or any comprehensive data on the 
number of MFWs in the US has complicated sample selection and made representative samples of target 
populations difficult to attain. With few exceptions, most prevalence studies have been performed on 
convenience samples of nearby and easily accessible migrant camps. As a result, such studies may have 
recruited MFW participants with greater access to healthcare than those found in less accessible camps and 
consistently underestimated the overall burden of TB in the MFW community. Secondly, the feasibility of 
longitudinal study designs has been impeded by a lack of follow up due to the highly mobile and transient 
lifestyle of MFWs. In fact, many MFWs are without fixed addresses or phone numbers.20 In one follow-up 
study of 46 North Carolina MFWs in 1991, there was significant loss to follow up (74%) from the initial 
study three years prior.20, 21 Third, the majority of cross-sectional studies of TB among MFWs have 
measured the outcome status by administration of a tuberculin skin test (TST) utilizing the Mantoux 
technique, necessitating a careful interpretation of the results. The only known exception would be a study 
conducted by Garfein et al. (2011) in which TB status was measured by a blood test known as 
QuantiFERON-TB Gold (QFT) In-Tube interferon gamma release assay , which does not share many of the 
drawbacks inherent to the TST. In the study by Garfein et al. (2011), the percentage of MFWs who were 
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QFT-positive was reported to be 39.9%.13 The Mantoux technique consists of an intradermal injection of 
purified-protein derivative (PPD), in most cases 0.1 mL of 5 tuberculin units (TU), and reexamination of 
the injection site for indurations of 10 mm or more after 48 to 72 hours . Since outcome classification of the 
TST is based upon an immune reaction to tuberculin antigen, a participant my display a positive result in 
any one of the following scenarios: one may be presently infected with latent or active TB ; one may have 
been infected with latent or active TB in the past; one may be infected with nontuberculous Mycobacteria 
(NTM);8 one may display the “booster effect” due to previous testing within a short span of time ; or one 
may have previously received the bacille Calmette-Guerin (BCG) vaccination . In order to address the first 
concern and distinguish between cases of active and LTBI, all prevalence studies of TB among MFWs have 
followed positive TST results with clinical examinations for the presence of active TB. Active cases were 
then identified and deducted from the remaining quantity of positive results in order to enumerate the 
number of LTBIs. In order to prevent misclassification due to prior infections, majority of prevalence 
studies have interviewed participants about their medical histories and excluded those treated for TB in the 
past. Doing so has helped minimize overestimation the TB burden of any given MFW community. In order 
to eliminate the influence of NTM on positive TST results, some studies have tested clinical specimens from 
participants and deducted those with infections of NTM from prevalence counts. Generally speaking, rates 
of tuberculin reactivity among MFWs have been high enough to raise alarm even after elimination of cases 
due to NTM. Moreover, the fraction of positive TST results due to NTM in these studies has been relatively 
small, lending confidence that other studies neglecting such measures have not grossly overestimated the 
occurrence of TB among MFWs. With respect to the booster effect, this phenomenon typically occurs among 
the elderly and is generally due to closely spaced testing intervals within 6 months.51, 52, 53 Since MFW 
populations generally consist of young adults with limited or infrequent access to healthcare, this bias may 
have been minimal in all prior investigations. Concern over prior exposure to the BCG vaccine is a legitimate 
one since administration of the vaccine is a common practice outside the US and a large portion of MFWs 
originate from foreign nations.19 However, the BCG vaccine is typically administered early in one’s life and 
TST reactivity tends to wane over time.23, 54, 55 Nonetheless, prior studies have typically questioned or 
examined MFW participants regarding exposure to the vaccine and accounted for this during analysis. 
Majority of them have found no association between BCG vaccination and tuberculin reactivity.8, 19, 21, 22, 54, 
55, 56, 57  
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Despite such limitations and other opportunities for negative bias to enter investigations of MFW 
communities, the contrast between the TB burden of MFW populations and that of the general population 
has been stark. During a 1984 to 1985 TB screening program of the MFW population in Virginia, the total 
prevalence of active TB was estimated to be 950 per 100,000 MFWs, which was over 100 times greater than 
the incidence of TB in the general population of the US in 1985 (the prevalence and incidence of TB in the 
US were approximately equivalent).28 In a screening of 409 mostly Hispanic MFWs from six migrant camps 
in central Indiana between July and September of 1991, the tuberculin reactivity rate was 23.7%, which was 
four to five times greater than that in the general population of the same year.19 In a 1988 population-based, 
prevalence study of 543 MFWs from 31 migrant camps in five counties of North Carolina, the prevalence of 
active TB among US-born blacks  and Hispanics was 3.6% and 0.47%, respectively.21 The case rate among 
US-born blacks was more than 3,000 times greater than the case rate in the general population at that time, 
which was approximately 10 per 100,000 persons.21, 58 All such investigations have indicated that TB 
occurrence, among other health concerns, is markedly greater among MFWs. 
Rationale for TB Transmission 
Several popular explanations exist in the scientific literature for the increased occurrence of TB 
among MFWs. First, MFWs tend to share a collection of risk factors normally associated with TB, such as 
lower SES, diminished access to healthcare, foreign-born status, and residence in crowded, substandard 
housing conditions. The second explanation underpinning the elevated prevalence of TB in MFW 
communities points to the inherent nature of farm work as the source of the problem.21 And third, the 
elevated prevalence of TB among MFWs is believed to be the result of commercial sex workers who frequent 
migrant camps and/or experience increased contact with this population.15 
Risk factor nexus. MFW populations are known to share a host of risk factors that increase their 
risk of TB.  Majority of MFWs are of low SES and face a variety of linguistic, social, and economic obstacles 
to health care.8, 27, 59, 60 This collection of factors increases the risk of exposure to TB and the likelihood of 
subsequent disease.21, 61 Furthermore, many farm workers tend to live under unstable conditions and 
possess a lean body build, two risk factors which support progression from infection to disease.62, 63 MFWs 
also tend to be minorities originating from foreign countries that possess a higher risk of exposure to the 
disease.15, 18, 64, 65, 66, 67 Shortly before 1980, Haiti and Mexico reported annual TB prevalence rates of 45 and 
35 cases per 100,000 persons, respectively,64 while the US reported a rate of 11 cases per 100,000 persons. 
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Shortly thereafter in 1982, the prevalence rate of TB among Haitians entering the US was 650 active cases 
per 100,000 persons.66 Then, a 1982 prevalence study of MFWs of the Delmarva Peninsula found 
exceptionally high numbers of Haitians (138 of 253 or 55%) and Mexican-born Latinos (31 of 85 or 36%) 
that were TST positive.27 In addition to originating from countries with greater TB burdens, MFW 
populations are believed to experience a higher risk of TB because many live in crowded, substandard, and 
poorly ventilated houses where conditions foster TB transmission.15, 27, 68 For example, during a pilot study 
located at a Connecticut farm in 2005, inspections of living quarters revealed that MFWs lived in a pair of 
cinderblock barracks, each over 5,600 square feet, that housed 50 and 80 persons.8 Three or four MFWs 
slept to a room having three sides: one outside wall and two plywood partitions that did not reach the 
ceiling. Each room was separated from a central hallway by a single curtain, and no mechanical air handling 
system was present in the barracks. Any ventilation was the result of dilution through windows or small 
fans. Each room had a single window, including the common bathroom or shower area, and only a fraction 
of the rooms had area fans. The close living quarters were compounded by crowded transportation 
conditions as farm workers travelled daily from barracks to work locations on former school buses. The 
collection of risk factors among MFWs, especially lower SES, diminished access to healthcare, foreign-born 
status, and crowded, substandard housing conditions, are believed to contribute to the unusually high 
occurrence of TB among this unique population. 
Occupational problem. In a 1988 prevalence study of 543 MFWs in North Carolina, Ciesielski, 
Hall, and Sweeney (1991) proposed that TB among MFW populations was more of an occupational problem 
and less of an imported one.21 They reached this explanation after observing that the frequency of TB 
measures among foreign-born MFWs was less than that of native-born MFWs.21 Specifically, US-born 
blacks exceeded all other foreign-born groups in all measures of TB risk and outcome, except for Haitians, 
albeit the difference in tuberculin reactivity rates between US-born blacks and Haitians (44% and 76%, 
respectively) was not statistically significant (p=0.08). The authors reasoned that although foreign-born 
farm workers generally originated from countries with a greater risk of TB, the journey to the US was a 
selective process that removed less healthy individuals. In contrast, US-born MFWs were believed to 
possess poorer health status when compared with their foreign-born counterparts. Indeed, in the study by 
Ciesielski, Hall, and Sweeney (1991), US-born blacks frequently reported being recruited from homeless 
shelters, soup kitchens, and rehabilitation centers, and other studies have indicated that US-born black 
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farm workers may be disproportionately malnourished in comparison with other groups.69 Thus, as 
healthier, foreign-born individuals mixed with less healthy, US-born MFWs, the authors argued that the 
latter group would be expected to display the outcome more frequently.21 Moreover, the difference would 
only be compounded by inherent risks of the profession, such as prolonged exposure to toxic agricultural 
dusts, pesticides, and other chemicals believed to be a critical contributor to the occurrence of TB and a 
number of other adverse health conditions including respiratory diseases, parasitic infections, elevated 
infant mortality rates, and chemical poisonings.19, 70, 71, 72, 73, 74  
Commercial sex workers. In addition to transmission dynamics involving MFWs bringing TB 
into the US from their country of origin, Much, Martin, and Gepner (2000) suggested an additional source 
and mode of transmission for active TB into MFW populations: commercial sex workers who frequent 
migrant camps and/or experience increased contact with MFWs.15 The hypothesis stems from the 
observation that the prevalence of tuberculin positivity and STDs appears to be positively correlated in such 
populations. For example, in a prevalence study of 310 MFWs 16 years of age or older from 14 migrant 
camps in Immokalee, Florida during February and March, 1992, 118 (44%) of 267 participants who 
volunteered were tuberculin reactive, 5% were (HIV)-1 seropositive, and 8% were positive for syphilis.23 
Similarly, in an unpublished investigation performed by the New York State Department of Health, 45% of 
MFWs were tuberculin reactive, 7% were HIV positive and 27% were positive for syphilis.15 (A. muse, 
unpublished data, New York State Department of Health) Conversely, in a cross-sectional, prevalence study 
conducted among 413 seasonal, non-migrating, mostly Mexican farm workers in Berks County, 
Pennsylvania, during July 1995 to July 1996, one of the lowest reported prevalence rates of tuberculin 
positivity among MFWs (13%) was accompanied by zero prevalence of STDs.15 Although members of this 
population made annual migrations to their international home base in Mexico, they did not make annual, 
interstate migrations for work purposes, and they were a geographically isolated, rural community. Much, 
Martin, and Gepner (2000) reasoned that contact with commercial sex workers was minimized by the 
relative lack of mobility and accessibility of this group, resulting in the decreased prevalence of TB and STDs 
observed in the study. However, two unpublished studies in neighboring Chester County, Pennsylvania, 
appear to contradict this argument. A study by E. Velasco-Mondragon of the National Institute of Health of 
Mexico found that 74% of male MFWs reported sex with a commercial sex worker and 81% seldom or never 
used a condom.15 In the other study by S. Silvilla of the Chester County Health Department, a tuberculin 
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reactivity rate of 32% was reported among the same population.15 Although elevated rates of tuberculin 
positivity and contact with commercial sex workers indeed occurred together, this population was a non-
migrating group of Mexican farm workers demographically similar to that of study by Much, Martin, and 
Gepner in 2000. Thus, despite a uniform lack of mobility in each population, differing amounts of contact 
with commercial sex workers were experienced. Nonetheless, the possible two-way vector status of 
commercial sex workers is suspected to be the result of frequent, close, and lengthy contact with MFWs in 
crowded, poorly ventilated living conditions,15 which facilitates transmission of TB.75 
Distribution of TB 
Demographic distribution. Prevalence studies of TB among MFW populations note several 
significant patterns of disease occurrence with respect to age, sex, and racial/ethnic status. Regarding age, 
most studies suggest peak rates of tuberculin reactivity during early adulthood between the ages of 20 and 
30, 15, 18, 19 however, there are a few notable exceptions where peak rates occurred during middle to late 
adulthood.24, 27, 28 For example, in a cross-sectional study conducted among 413 seasonal farm workers from 
15 camps employed by the mushroom industry in Berks County, Pennsylvania, between July 1995 and July 
1996, 7 (11.5%), 16 (26.2%), 22 (36.0%), 7 (11.5%), and 9 (14.8%) MFWs were tuberculin positive in the 
following age groups: 0-17, 18-24, 25-34, 35-45, and 45 or older, respectively.15 However, in a 1988 
prevalence study of 71 MFWs performed in Franklin County, Pennsylvania, the percentage of tuberculin 
reactive participants appeared to increase with age: 0% among those ages 0 to 14; 47% among those ages 
15 to 34; and 68% among those ages 35 or greater.24 Similarly, in a retrospective cohort study conducted 
among all 111,008 reported cases of TB in the US between 1993 and 1997, the mean age among 1,203 MFWs 
with TB was 41.14 Interpreting the age distribution of TB among MFW populations is not without 
limitations, however. A number of prevalence studies do not include persons under the ages of 11, 16 or 18, 
thus data for these younger age groups is lacking. However, in two subsequent studies by Poss and Rangel 
(1997), rates of tuberculin reactivity were 3% and 4% for ages 1 to 10 and 29% and 18% for ages 11 to 20.18  
Additionally, MFW populations are generally comprised of young adults under the age of 40 with relatively 
few elderly persons. As a result, studies generally collapse age categories older than 40, which makes any 
reliable assessment of the distribution of TB in older persons a challenge. With respect to sex, studies report 
mixed results. Some indicate higher rates of tuberculin reactivity among males while other observe equal 
proportions between the sexes.15, 19, 24, 27 For instance, in a 1982 prevalence study of 709 MFWs ages 5 or 
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older of the Delmarva Peninsula, males appeared to be at greater risk of tuberculin reactivity than females 
(40% and 27%, respectively) – a difference that remained after age adjustment.27 However, in a 1988 
prevalence study of 71 MFWs performed in Franklin County, Pennsylvania, males and females exhibited 
similar rates of tuberculin reactivity.24 One should note that the mixed results may be due to the generally 
high proportions of males among MFW populations, which leaves smaller numbers of females to sample 
from, resulting statistically unreliable proportions for the latter group. Regarding race, prevalence studies 
of TB in MFW populations consistently report elevated rates of tuberculin reactivity among all racial/ethnic 
minority groups with Caribbean peoples, particularly Haitians, possessing the highest. For example, studies 
by the Centers for Disease Control and Prevention (CDC) (1986), Jacobson et al. (1987), Ciesielski et al. 
(1991), and Hibbs, Yeager, and Cochran (1989) reported tuberculin positivity rates of 69.2%, 55%, 76%, and 
83% among Haitians and/or Caribbean peoples, respectively.21, 24, 27, 28  
Geographic distribution. There are three general migration patterns, or streams, of MFWs in 
the US, each of which possesses unique characteristics that affect health conditions and the delivery of 
healthcare services to MFWs therein: the East Coast Stream, the Midwest Stream, and the West Coast 
Stream.14, 17, 61, 71 Each year MFWs of the East Coast Stream travel from one state to another from their home 
base in Florida, with some contribution from southern Texas,19 in order to harvest crops in the spring, 
summer, and fall. Besides Florida the East Coast stream includes Georgia, Alabama, Mississippi, North 
Carolina, South Carolina, Tennessee, Kentucky, Virginia, West Virginia, Pennsylvania, Maryland, 
Delaware, New Jersey, New York, Connecticut, Rhode Island, Massachusetts, New Hampshire, Vermont, 
Maine, and the District of Columbia.14 It is by far most heterogeneous of the three streams in terms of 
race/ethnicity, primarily comprised of African Americans, Puerto Ricans, Mexican Hispanics, Haitians, and 
other Caribbean peoples.19, 59 Additionally, when MFWs of the southeastern US are compared with MFWs 
from other areas of the US, the former are more likely to live in poverty (73%), be separated from their 
families while working (64%), and lack documentation of legal residence status (25%).76 
The Midwest or Mid-Continental Stream serves much of the agricultural community in the Midwest 
US and approximately 50% originates from South Texas, especially the Rio Grande Valley, with smaller 
numbers coming from southern Florida.19 Outside of Texas the Midwest Stream is comprised of Louisiana, 
New Mexico, Colorado, Kansas, Oklahoma, Arkansas, Wyoming, Montana, North Dakota, South Dakota, 
Nebraska, Missouri, Iowa, Minnesota, Wisconsin, Illinois, Indiana, Ohio, and Michigan.14 Unlike the East 
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Coast Stream, the Midwest and West Coast Streams alike are comprised almost entirely of Hispanics.19, 59 
California is the chief home base of the West Coast stream with some influence from Texas,19 and the 
remaining states include Arizona, Utah, Nevada, Idaho, Oregon, and Washington.14 
By far the majority of TB studies among MFWs have been conducted in the East Coast Stream 
where rates of tuberculin positivity are generally higher.8, 15, 18, 20, 21, 22, 23, 24, 25, 26, 27, 28 In contrast, rates of 
tuberculin positivity in a West Coast study by McCurdy, Arretz, and Bates (1997) and a Midwest study by 
Garcia, Matheny Dresser, and Zerr (1996) were 16.6% and 23.7%, respectively.17, 19 Low tuberculin reactivity 
in these regions may be the result of their relatively homogenous racial/ethnic composition consisting 
primarily of Hispanics. Indeed, even Hispanics in East Coast studies consistently exhibit low reactivity. 
However, the results of the latter studies should be interpreted with care. For one, the study by McCurdy, 
Arretz, and Bates (1997) recruited its study population from family housing centers and thus oversampled 
on female participants, underestimating the TB burden of the MFW community.17 Secondly, the small 
number of studies conducted in Midwest and West Coast streams welcomes the possibility of sampling 
error. In 2001, a particularly strong investigation of all three migrant streams was conducted by Schulte in 
which all 111,008 reported cases of TB among MFWs in the US between 1993 and 1997 were analyzed.14 
Majority of cases (70%) occurred in the home-base states of Florida (23.1%), Texas (10.9%), and California 
(36.7%), and the distribution of cases in other states was geographically scattered with merely 9 states 
reporting 10 or more cases. The discrepancy between home base and upstream states may be the result of 
greater underreporting in upstream states or MFWs may return to home base states after displaying TB 
signs or symptoms.14 
Temporal distribution. No studies have examined the temporal relationship between TB 
occurrence and time periods of agricultural significance, such as harvest time, but others have examined 
surveillance data for changes related to seasonality. Generally speaking, TB is not known to follow any 
seasonal patterns, but exceptions do exist: some studies point to higher incidence rates during the winter 
to early spring in South Africa77 and Portugal;78 the summer and autumn in Spain79 and Japan;80 the 
summer in the United Kingdom81 and Hong Kong;82 late April to early June in India;83, 84 spring and 
summer in Wuhan, China;85 and late April in Kuwait.86 Before the era of antibiotics TB related mortality 
was higher during late winter and early spring.87 
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The specific mechanisms behind apparent seasonal variations in TB occurrence are unknown,86 but 
explanations include the following: during the winter, indoor crowding in poorly ventilated housing is 
believed to foster transmission, which may not manifest until weeks later during the spring.77, 86 
Additionally, viral infections such as the flu contribute to immune system deficiency, which may result in 
increased susceptibility to reactivation of latent TB in infected persons during the winter and spring.79, 86 
And finally, vitamin D deficiency has been linked with increased incidence of TB,88, 89, 90, 91, 92, 93, 94, 95, 96 and 
seasonal fluctuations of vitamin D concentrations are known to occur to human populations,91, 95, 97, 98, 99, 100, 
101, 102 which appear to be the result of seasonal changes in sun exposure and adequate diet intake.90, 99, 100, 
101, 103, 104, 105, 106, 107, 108 Furthermore, correlations between seasonal fluctuations in vitamin D deficiency and 
TB occurrence have been detected.109 Since vitamin D is a modulator of the immune system that improves 
cell-mediate immunity and the phagocytic capacity of macrophages,110, 111, 112 a deficiency is believed to 
contribute to an inadequate immune response to TB bacteria. Also, vitamin D increases the production of 
anti-microbial peptides, such as cathelicidin,112 which plays a crucial role in the innate immune system’s 
ability to resist TB infection.113  
Risk Factors 
Relatively few studies have employed multivariate models examining risk factors associated with 
increased occurrence of TB in MFW communities. Those that have report the following risk factors 
positively associated with TB occurrence: residence in a camp with a case of active TB;21 country of birth in 
a foreign nation with a relatively high risk of TB;19, 23 number of years in farm work;21, 23 male gender;19 prior 
TB diagnosis;21 homelessness and/or prior residence in homeless shelter.21 Not surprisingly, the number of 
medical visits in the previous 3 years has been observed to have a protective effect.20 
Possibly the strongest multivariate investigation of TB among MFWs, Ciesielski et al. (1991) 
performed a prevalence study of 543 Haitian, Hispanic and US-born black MFWs among 31 migrant camps 
from five counties in North Carolina during 1998.21 Its purpose was to identify risk factors of TB among this 
population and estimate the prevalence of TB among MFWs in the region. Available lists of camps were 
aggregated and a 10% random sample was obtained by means of cluster sampling. A total of 465 (85.6%) 
subjects received 5 TU of PPD in order to measure tuberculin reactivity, and the nonresponse rate varied 
from approximately 5% among US-born blacks and Haitians to anywhere between 15% and 20% among 
Hispanics. Of the 465 who received a PPD test, 436 (93.8%) participants received a recall antigen, namely 
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0.05 mL of Candida albicans, in order to exclude false negatives from the results. Questionnaires were 
disseminated in order to assess demographic information and various risk factors, including age, gender, 
familial history of TB, residence in a migrant camp with a TB case, homelessness, prior incarceration, years 
of farm work, prior BCG vaccination, and residence at a homeless shelter. TST reactions were measured 48 
hours after the test was administered and indurations of 10 mm or more regarded as positive for tuberculin 
reactivity. Three outcome variables were formulated: unadjusted PPD, adjusted PPD and total PPD. The 
unadjusted PPD was defined by the results of the PPD test alone; the adjusted PPD excluded those who 
received negative results from the recall antigen and negative results from the PPD; the total PPD added to 
the adjusted PPD those who reported past positive PPD results but negative PPD results within the last 6 
weeks. Linear regression and Rtilogit regression, which is logistic regression adapted for cluster sampling, 
were utilized in the statistical analysis, and separate models were developed for each racial/ethnic class. 
Peculiarly, the results of the regression analyses only yielded significant results among US-born blacks and 
not among Hispanics or Haitians. TB status was positively associated with residence in a migrant camp with 
active TB (RR=5.4; 95%CI=1.2, 24.9; p<0.05); prior TB diagnosis was positively associated with a history 
of familial TB (OR=1.06 per year; 95%CI=1.03, 1.22; p<0.01) and the number of years spent in migrant 
farm work (OR=4.2; 95%CI=3.5, 5.1; p<0.01). Adjusted PPD positivity was positively associated with the 
number of years in farm work (OR=1.1; 95%CI=1.06, 1.17; p<0.001), residence in a migrant camp with a TB 
case (OR=2.2; 95%CI=1.02, 4.43; p<0.05), and homelessness and/or prior residence in a homeless shelter 
(OR=2.6; 95%CI=1.22, 5.67; p<0.05). 
Two additional multivariate analyses were conducted by Trape-Cardoso et al. (2008) and Much, 
Martin, and Gepner (2000), and they reported no statistically significant risk factors.8, 15 Trape-Cardoso et 
al. (2008) performed a cross-sectional pilot study among 57 male, predominantly Mexican MFWs at a single 
farm in Connecticut (CT) during the growing season of 2005, and the following variables were analyzed for 
an association with TST reactivity: demographics, number of years farming, history of living in close 
quarters such as barracks, prisons or shelters, history of BCG vaccination, and TB history.8 Much, Martin, 
and Gepner (2000) performed a cross-sectional study among 413 seasonal farm workers from 15 farm 
worker camps employed by the mushroom industry in Berks County between July 1995 and July 1996, and 
the various classes of age, sex, and country of origin were examined.15 One should note several limitations 
with these studies, however. The former study was based on a small convenience sample of participants 
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from a single farm; thus, the results are not only highly susceptible to chance, but also vulnerable to 
selection bias with respect to the general population of approximately 7,000 MFWs throughout the state of 
CT during the growing season.8 The generalizability of the latter investigation is uncertain due to a lack of 
disclosure regarding the study’s sampling method, but the high participation rate (81%) among the those 
in the migrant camps offered a clear idea of the disease burden in this specific farm worker community.15 
 
Study Rationale 
A further understanding of the epidemiology and transmission dynamics of TB among MFWs at 
the aggregate-level is critical because this population may represent a significant reservoir for TB in the 
broader communities that they occupy – a dynamic that is not reflected in individual-level surveillance data 
due to underreporting. For example, in a retrospective cohort study of 21,115 cases of TB in North Carolina 
between years 1966 and 1986, the eastern half of the state was comprised of counties that experienced 
incidence rates of TB 1.8 to 2.9 times greater than those of the western half of the state (see Figure 1).26 This 
eastern predominance of TB could not be explained even after controlling for sex, race, gender, population 
density, and mean family income in the underlying population distribution; however, the authors did note 
that counties in the eastern half of the state were indeed dominated by agricultural activities and large MFW 
populations. During this same time frame, however, only a small portion of reported cases, approximately 
2%, were accounted for by MFWs in individual-level, surveillance data. Given numerous studies indicate 
MFWs experience elevated rates of tuberculin reactivity and active TB disease, the true number of cases in 
this population may have been underestimated for reasons such as lower SES, limited access to healthcare 
services, and underreporting, and the role of MFWs in the transmission of TB in the broader community 
may have been much greater and only apparent at the county-level. This investigation was designed to test 
said hypothesis and quantify the role of MFWs through an ecological study design. Additionally, the 
demographic, geographic, and temporal distribution of the incidence of active TB cases among Florida 
counties was described, and the association between the incidence of TB and agriculturally relevant 
seasonal periods was examined. The author predicted a positive association between the county-level 
incidence of TB and quantity of MFWs. Also, geographic clustering of high-incidence counties was believed 
to occur among counties with higher numbers of MFWs, and a relationship between TB incidence and 
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agriculturally relevant seasonal periods was presumed to exist, particularly among counties with relatively 
larger MFW populations. 
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CHAPTER TWO: 
METHODS 
 
Summary of Study Design 
This investigation was a confirmatory, ecological study of all 67 counties in the state of the Florida 
during a 5-year time period between January 1, 2009 and December 31, 2013 with aims to describe the 
demographic, geographic, and temporal distribution of the county-level incidence of active TB cases; 
measure the relationship between the incidence of active TB and agriculturally relevant seasonal periods, 
especially among counties with relatively larger MFW populations; and measure the strength and direction 
of the association between the county-level incidence of active TB and the quantity of MFWs while 
accounting for known ecological risk factors. Data was collected from a total of eight secondary data sources 
including the Florida Department of Health (FDOH) Health Management System (HMS) and Tuberculosis 
Information Management System (TIMS); the 2009-2013 Quarterly Census of Employment and Wages 
(QCEW); the 2009-2012 National Agricultural Workers Survey (NAWS); the 2009-2013 National 
Agricultural Statistics Service (NASS) Cropland Data Layers; the 2009-2013 data files of the Population 
Estimates Program (PEP); the 2009-2013 data files of the Local Area Unemployment Statistics Program 
(LAUS); the 2009-2013 data files of Small Area Income and Poverty Estimates Program (SAIPE); and the 
2009-2013 American Community Survey (ACS) 5-year Estimates.  
The dependent variable of the investigation was the total number of reported and confirmed 
incident cases of active TB, and the primary explanatory or independent variable was the estimated quantity 
of MFWs in each county. In order to adjust for potential confounding and/or reduce additional variation in 
the incidence of active TB unexplained by the primary independent variable, the following ecological risk 
factors were measured for each county and controlled for during analyses: the percentage of males; the 
percentage of African Americans; the percentage of Hispanics; the percentage of Asians; the annual mean 
unemployment rate (per 100 persons); the annual poverty rate (per 100 persons); and the percentage of 
housing units with greater than one occupant per room. For presentation purposes, percentages and rates 
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were measured continuously and rounded to the nearest tenth place. All dependent and independent 
variables were measured as discrete count variables – with two exceptions. Seasonality was measured as a 
binary, nominal-level variable, and the quantity of MFWs was measured as both a discrete count and binary, 
nominal-level variable discretized by the 90th percentile.  
Unless otherwise stated, all statistical analyses were performed separately for each year in the study 
time period. First, univariate and bivariate analyses were performed utilizing a combination of numerical 
and graphical methods, and an initial assessment of relationships between active TB incidence and various 
demographic variables was undertaken. Second, choropleth maps were produced to illustrate the 
geographic distribution and relationship between active TB incidence and the quantity of MFWs, and 
measures of spatial autocorrelation were computed for each of the two variables. Third, the temporal 
distribution of active TB incidence was examined by time plots or bar charts on annual, quarterly, monthly, 
and seasonal bases, and regression modelling with repeated measures was utilized to examine the 
relationship between active TB incidence, seasonality, and counties with MFW populations above or below 
the 90th percentile. Finally, multivariate, negative binomial regression was employed in order to determine 
the strength and direction of the association between the incidence of active TB and the quantity of MFWs, 
the latter of which was measured as a discrete count variable. Adjusted incidence rate ratios (IRRs) were 
computed for each variable, and forest plots were assembled to depict changes in IRRs over time. Statistical 
significance was defined by p-values less 0.05, and marginal statistical significance was defined by p-values 
ranging between 0.05 and 0.1. Geographic analyses were carried out using ArcGIS® software, Version 
10.3.1, by Esri. Copyright © 1999-2015 Esri.A All other statistical analyses were performed using 
SAS/STAT® software, Version 9.4 of the SAS System for Windows 7 Professional. Copyright © 2002-2012 
SAS Institute Inc.B 
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Data Sources 
Sources of Case Data: HIMS and TIMS Surveillance Systems 
On June 12, 2015, data regarding all reported cases of active TB during years 2009 through 2013 
was obtained courtesy of FDOH Bureau of Communicable Diseases Tuberculosis Control Section. By law, 
TB is a notifiable and reportable disease requiring private physicians, community based clinics, 
laboratories, hospitals, and other healthcare institutions to report every case to county health departments. 
Reports are made by submitting a Report of a Verified Case of TB (RVCT) form to county health authorities 
who in turn document each report in HMS and TIMS, which are statewide, electronic surveillance systems. 
The structure of the dataset provided by FDOH consisted of individual-line case data containing an array 
of demographic, socioeconomic, behavioral, and clinical information for each reported diagnosis of active 
TB in the state of Florida. However, the dataset was void of identifiable information such as names, phone 
numbers, or addresses.  
Sources of Estimates of MFWs: QCEW, NAWS, and NASS Cropland Data Layers 
County-specific estimates of the quantity of MFWs in each county were derived from three data 
sources: the NAICS-based, 2009-2013 QCEW, accessed on September 25, 2015 from the United States 
Department of Labor (DOL) Bureau of Labor Statistics (BLS) government website;114 the 2009-2012 NAWS, 
obtained on October 5, 2015 from the DOL Employment and Training Administration (ETA) government 
website;115 and the 2009-2013 NASS Cropland Data Layers, acquired online on October 16, 2015 through 
CropScape, a web-based application for accessing the Cropland Data Layers from the USDA NASS 
government website.116  
QCEW. The QCEW is a quarterly census that collects employment and wage data from all 
establishments that report to US unemployment insurance programs, which account for nearly 97% of all 
wage and salary civilian employment in the country.117 Employment and wage information on every 
employee, whether full or part-time, permanent or temporary, is gathered from quarterly contribution 
reports filed by employers in the US, Puerto Rico, and the US Virgin Islands. Most exclusions from 
unemployment insurance coverage include members of the Armed Forces, employees on railroads, student 
workers at schools, employees of certain non-profits, self-employed workers, and agricultural workers on 
small farms. QCEW data is aggregated and reported quarterly at the county, state, and national levels for a 
variety of industries. With respect to field crop agriculture, establishments are classified by the North 
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American Industrial Classification System (NAICS) into one of two categories: NAICS 111 or NAICS 11151, 
which identifies employers involved in crop production or support activities for crop production, 
respectively. With respect to the former, this included vegetable, potato and melon farming; oilseed and 
grain farming, including soybean, dry pea, bean, wheat, corn, rice farming and other grains; fruit and tree 
nut farming, including orange groves, apple orchards, grape vineyards, strawberry farming, berry, and 
other citrus and as well as non-citrus fruits; greenhouse and nursery production, including mushrooms, 
floriculture and tree production; and other crop production industries including tobacco, sugarcane, cotton, 
hay, peanut and sugar beet farming.118 With respect to the latter industry classification, this included cotton 
ginning, soil preparation, planting, cultivating, crop harvesting, other post-harvest crop activities, farm 
management services, farm labor contractors, and crew leaders.118 
In some instances employment and wage information may be missing a county designation, in 
which case it is aggregated in a category referred to as “County Unknown.”119 In other instances employment 
and wage information at the county-level may be unavailable for one of two reasons: there is either no 
reported or zero economic activity in a given area or the data is intentionally suppressed to protect the 
identities of cooperating employers.117 In the case of the latter, a single large employer is generally 
responsible for all the economic activity within a specific industry, and releasing the economic data would 
break confidentiality. Although the employment and wage information of any given county may be missing 
due to unknown county status or deliberate suppression, aggregations of data at the state level encompass 
all employment and wage information, including any suppressed, lower-level data. 
NAWS. The NAWS is an employment-based, random sample survey of US crop workers that 
collects demographic, socioeconomic, employment and health data directly from both migrant and seasonal 
farm workers. According to the NAWS, a MFW is one who annually “follows the crop,” or travels over 75 
miles between two or more locations in order to find work, or does not the follow the crop but still travels 
over 75 miles in order to reach their home base, which may or may not be in the US.115, 120 In order to reflect 
the seasonality of agricultural work and employment, data is collected over three cycles during a year-round 
interviewing schedule.115 In each cycle, a random sample of counties or cluster of counties, known as farm 
labor areas (FLAs), is drawn using probabilities proportional to the size of each FLA’s seasonal farm 
expenditures. Then, a simple random sample of eligible establishments within each FLA is selected and 
contacted in order to gain access to work sites and conduct farm worker interviews. Like the QCEW, eligible 
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establishments are those classified by the NAICS as NAICS 111 or NAICS 11151. The employment-based 
sampling method, as opposed to a household-based one, increases the probability that MFWs will be 
interviewed and thus represented in the NAWS. On site, only farm workers who perform crop-related work 
are randomly selected for interviews. Similar to FLAs, the number of interviews conducted in a given FLA 
is also proportional to its share of labor expenditures, which is seasonally adjusting utilizing QCEW data. 
NAWS data is released to the public through periodic research publications and public access data files. 
Each year between 1,500 and 3,600 farm workers are sampled from 12 designated regions in the US, which 
are collapsed into 6 regions in the NAWS data files: Southeast, East, Southwest, Midwest, Northwest, and 
California. In order to preserve the confidentiality of survey participants, location data finer than regional 
level is normally suppressed but may be made available upon request for research purposes. NAWS data is 
released to the public through periodic research publications and public access data files. 
NASS Cropland Data Layers. Five raster datasets depicting the geographic distribution of all 
Florida field crops were acquired from the NASS Cropland Data Layers, public use GIS data files that 
combine annual survey and ground collection data with the most current, 30-meter, Landsat satellite 
imagery to produce digital maps of the agricultural landscape and farm activities throughout the US.121 The 
Cropland Data Layer has been used by a variety of institutions and agencies including universities, crop 
farm grower associations, farm chemical companies, crop insurance companies, seed and fertilizer 
companies, remote sensing/GIS companies, and the government at federal, state and local levels for 
purposes such as soil analysis, monitoring watersheds, crop rotation practices analysis, monitoring animal 
habitats, agricultural business planning, and prairie water pothole monitoring. Admittedly, certain 
limitations exist in terms of utilizing satellite imagery to estimate cropland acreage due to certain 
unavoidable constraints related to remote sensing and the timing of various growing seasons. First, 
although crop identification by means of remotely sensed data is indeed feasible, it is limited by variation 
in the spectral signature of any given crop due to its health, density, the presence or absence of weeds, and 
the timing of the growing season. Second, Landsat imagery is collected at points in the year that do not 
coincide with the seasonal peaks of all the various field crops. However, the GIS product of the Cropland 
Data Layer compensates for such limitations by combining the merits of remotely sensed data with those 
of ground data into a single product that increases the precision of acreage estimates based on ground 
collections alone by a factor of 3. In fact, statistical correlations with ground data range between 0.6 and 1, 
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and its accuracy scores range anywhere between 80% into the high 90s for kappa coefficients. Thus, despite 
the limitations inherent in the task of remote sensing, the GIS product of Cropland Data Layer remains the 
best, publicly available record of US cropland area for non-census years, and indeed it even functions to 
improve cropland estimates during census years. 
Sources of Risk Factor Data: PEP, LAUS, SAIPE, and ACS 5-Year Estimates 
PEP. County population estimates including the percentages of African Americans, Hispanics and 
Asians were computed from the 2009-2013 PEP data files, which were obtained online from the US Census 
Bureau (BOC) on August 13, 2015.122 The PEP uses a combination of decennial census data, estimation 
algorithms, and periodic survey information to generate annual US population and housing estimates at 
national, state, county, city, and township levels, including the Commonwealth of Puerto Rico and its 
municipalities.123 These estimates are often used in order to allocate federal funds, function as survey 
controls, highlight recent demographic changes, and serve as denominators for vital statistics and per capita 
time series analyses. 
During intercensal years, the original source data from census or survey questionnaires is used by 
the PEP to generate annual estimates according to age, sex and race/ethnicity for various geographies.124 
Generally speaking, this is done using a cohort component method, which is derived from a demographic 
balancing equation that enumerates a population estimate at any point in time beginning with a population 
base, provided by either the previous decennial census or a previous point in the time series, and then 
adding the number of births, subtracting deaths, and finally adding the net effect of both international and 
domestic migration. In order to calculate estimates that are consistent across multiple counties, age groups, 
sexes, and races/ethnicities, a two‐way raking process is employed, which involves using state totals to 
iteratively control county characteristics to state characteristics and county totals, and this is followed by a 
controlled rounding process that converts estimates to whole numbers without changing the total values. A 
complete review of the PEP’s estimation methodology can be found on the BOC’s website.  
With each new release of annual estimates, the PEP revises the entire time series of estimates for 
all years reaching back to the last census.124 Historically, PEP estimates have proven to be very accurate; 
after reviewing their time series estimates between 2000 and 2010, the average absolute difference between 
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the 2010 census counts and their final, total resident population estimates was only 3.1% across all counties 
in the US.125 
LAUS. On September 17, 2015, annual mean unemployment rates were accessed online from the 
2009-2013 LAUS data files of the BLS.126 Each month the LAUS utilizes key labor market data obtained 
from the ACS and Current Population Survey (CPS) in order to provide estimates of employment, 
unemployment, and the civilian labor force for the nation as a whole and over 7,500 subnational areas, 
including counties and county equivalents.127 Generally speaking, labor force estimates reported by the 
LAUS undergo a 3-part estimation process.128, 129 First, there is a non-interview adjustment in which weights 
are assigned to each respondent and/or household of the ACS and CPS in order to account for non-
participants. This is due to absence, refusal, impassable roads, and other similar reasons. During the second 
stage, that is, ratio adjustment, observations are further weighted to account for sampling variability with 
respect to characteristics that are closely tied to employment status, such as age, sex, race, and state of 
residence. This is done by weighting observations according to the known population distribution of such 
factors, as determined by census data and estimates calculated by the PEP. Ratio adjustment also corrects 
for the increased uncertainty introduced by the CPS which draws samples of primary sampling units 
(PSUs), that is, counties or groups of contiguous counties, as opposed to sampling all PSUs in the nation. 
The third and final stage of labor force estimation is coined composite estimation. Here observations are 
weighted to adjust for the month-to-month changes in estimates that are purely the result of alternating 
samples and not actual changes in the labor force. 
SAIPE. On August 8, 2015, annual poverty rates were obtained online from the 2009-2013 SAIPE 
data files generated by the BOC,130 which provides annual estimates of income and poverty for all US 
counties and school districts. Each year the federal government determines the US poverty threshold by 
using a set of income thresholds that vary by family size and composition, and an individual or family is 
considered to be in poverty if that individual or family’s total income is less than its assigned threshold. 131 
Although official poverty thresholds do not vary geographically, they are updated for inflation using the 
Consumer Price Index (CPI-U). County-specific estimates of the number of people in poverty are 
determined by regression models that combine data from administrative records, the ACS, and census 
information.132, 133 Specifically, poverty estimates are based on the number of recipients of benefits from the 
Supplemental Nutrition Assistance Program (SNAP) program; the estimated total resident population; the 
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total number of tax return exemptions; prior decennial census estimates of the total number of people in 
poverty; and the number of tax return exemptions on returns where adjusted gross income falls below the 
official poverty threshold for a family of the size implied by the number of exemptions on the form. Although 
the precise methodology behind the SAIPE estimates differs from one year to the next, it did not vary 
considerably during the time period between years 2009 and 2013, except for inclusion of new census data 
following the 2010 decennial census. 
ACS 5-year estimates. The percentage of housing units with greater than one occupant per room 
was derived from the 2009-2013 ACS 5-year estimates, which were acquired online from the BOC on 
September 11, 2015.134 The ACS is an annual survey distributed by the federal government in order to inform 
policy decisions, reflect demographic, housing and socioeconomic characteristics of the nation’s citizens, 
and determine the allocation of more than $400 billion in federal and state funds each year.135 In short, the 
methodology of the ACS is as follows: monthly samples of all 3,143 US counties and county equivalents are 
drawn by systematically selecting housing units and group quarters facilities from the BOC Master Address 
File (MAF), the bureau’s official inventory of all residential and nonresidential units in the US.136 Data is 
then collected from each sample through a combination of both mailed surveys and computer assisted 
telephone interviews. Reliable estimates for geographies of varying population sizes cannot be obtained all 
at once. Estimates for counties with larger populations, or those greater than 65,000, are provided each 
year and are referred to as the ACS 1-year estimates. For counties with population sizes between 20,000 
and 65,000, however, reliable estimates for any given year can only be attained by pooling samples drawn 
over the previous 3 years, and these are released in the annual ACS 3-year estimates. Finally, estimates for 
counties with population sizes less than 20,000 are obtained by merging samples from the previous 5 years, 
and these are released in the annual ACS 5-year estimates. Therefore, the ACS sampling methodology 
results in a compromise between the precision and currency of estimates for geographies with varying 
population sizes; larger counties possess estimates that are more current but based on smaller sample sizes, 
whereas the estimates of smaller counties, though reflecting characteristics over a broader time frame, are 
the most reliable. Since the annual 5-year estimates were the only resources with complete housing 
information for all Florida counties, both large and small, such were the data sources selected for this 
investigation. 
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Definition, Assessment, and Measurement of Variables 
Active TB Case Counts 
Case classification. The dependent variable of this investigation was the county-specific totals 
of reported cases of active TB that were confirmed and incident within the 5-year study time period. In the 
US, one of three case classifications are assigned to each diagnosis of TB: confirmed, clinical, or provider. 
137 Since clinical and provider cases do not possess the same level of diagnostic certainty that accompanies 
confirmed cases, only the latter were included in this investigation. Doing so minimized misclassification 
of the outcome as well as bias introduced by including false positives in the analysis. Any bias resulting from 
the exclusion of real cases was presumed to be negligible as standard practice in the US dictates that every 
suspected case of TB be subjected to culture growth, rendering clinical and provider cases unique to 
instances where clinical specimens are unavailable. The following are the standard definitions of confirmed, 
clinical, and provider case classifications: 
Confirmed cases. Confirmed cases are based on the most objective diagnostic measures and meet 
at least one of the following criteria: isolation of M. tuberculosis complex in culture from a clinical 
specimen; demonstration of M. tuberculosis complex from a clinical specimen by a nucleic acid 
amplification test (NAA); or identification of acid-fast bacilli (AFB) in a clinical specimen when culture 
results are falsely negative, contaminated or unavailable because they have not or simply cannot be 
obtained. Clinical specimens take the form of sputum samples as well as other body fluids and tissues in 
instances where XPTB is suspected. Inspections for the presence of AFB are generally conducted first, and 
if positive then isolation of M. tuberculosis is attempted by means of culture. Although NAA represents a 
reliable means of confirming infection with M. tuberculosis, it is not yet widespread practice and culture 
growth remains the gold standard.  
Clinical cases. Clinical cases must meet all of the following criteria: signs and symptoms consistent 
with TB infection, such as chest pain, fever, weight loss, night sweats, a cough that lasts three or more weeks, 
and an abnormal chest radiograph, computerized tomography scan, or other chest imaging study; a positive 
result for either a TST or interferon gamma release assay for M. tuberculosis; a completed diagnostic 
evaluation; and treatment with two or more anti-TB medications.  
Provider cases. Provider cases are those based solely on the clinical judgment and determination 
of the healthcare provider despite a lack of clinical and laboratory evidence sufficient to meet the criteria 
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for a clinical or confirmed case. For example, the patient may or may not display characteristic signs or 
symptoms of TB and return negative results for demonstrable tests such as the TST, chest radiograph or 
culture growth.  
Incidence. Incident or “new” cases of active TB were defined as first-time diagnoses occurring 
between January 1st and December 31st of any given year during the study time period. Individuals with 
repeat diagnoses of active TB in which a previous diagnosis occurred prior to January 1, 2009, that is, the 
beginning of the study time period, were considered incident cases only if a subsequent diagnosis occurred 
during the study time period. Furthermore, in keeping with CDC reporting standards, repeat cases of active 
TB occurring during the study time period were regarded as multiple cases only if individuals experienced 
subsequent diagnoses at least 12 months apart. For example, if an individual was diagnosed with active TB 
once on June 1, 2010 and again on June 1, 2012, then each diagnosis would count as a unique case – the 
first towards the incidence in 2010 and the latter towards the incidence in 2012 – because the two diagnoses 
were greater than 12 months apart. Counting repeat cases occurring 12 months apart in this way increases 
the probability of effectively measuring the relationship between variables that affect fresh occurrences of 
the disease. 
Cumulative incidence rates were reported and utilized during the analysis when appropriate. They 
were defined as the total number of incident cases per 100,000 persons. The rate base of 105 was chosen in 
order to comply with national TB reporting standards. Two methods were used to calculate the underlying 
population at risk (PAR), or the number of susceptible individuals in each county, depending on the time 
frame encompassed by a given incidence rate. The PAR for incidence rates of any single year was 
determined by the county’s total population size, as determined by the PEP. For incidence rates spanning 
the entire study time period, however, the PAR was measured as the average population size of a given 
county across all 5 years, which is a convention during time periods where population sizes are expect to 
vary throughout.138, 139, 140 In such circumstances the initial PAR at the beginning of a time period is no 
longer representative of the true volume of susceptible persons, thus an average or mid-interval population 
is better suited. The average number of susceptible persons in each county during the 5-year study period 
of this investigation was calculated using July 1st postcensal population estimates for years 2009, 2011, 
2012, and 2013 and April 1st base population estimates for year 2010. The April 1, 2010 base population 
estimates were utilized as opposed to the April 1, 2010 base population counts because the former were 
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corrected by the PEP in light of legal boundary updates and geographic program changes. Furthermore, the 
July 1, 2010 postcensal population estimates were not as representative of each county’s true population 
size as the April 1, 2010 base population estimates 3 months earlier. Admittedly, this action imposes a slight 
bias as it forces the average population of each county over the 5-year study period to be slightly more 
representative of the beginning of the study time frame; however, it does so while improving the accuracy 
of the estimated mean population size. In instances where incidence rates were calculated for time periods 
less than one year, such as during the temporal analysis, the annual PAR was utilized. 
TB surveillance data was imported into SAS 9.4 software and subset by time period and case 
classification. With respect to the latter, cases were included in the study if they received a classification of 
“Positive Culture,” “Positive NAA,” or “Positive Smear/Tissue” for the variable entitled 
“E_VerificationStatus2009.” Afterwards, accumulating variables were created in order to sum the case 
totals by county, year, and month in preparation for analysis. 
Quantity of MWFs 
The primary independent variable of this investigation was the total quantity of MFWs in each 
county, defined as the sum of farm workers who annually traveled over 75 miles between two or more 
locations in order to find work or reach their international or domestic home base.120 Annual estimates of 
the quantity of MFWs in each county were derived using a 6-step estimation strategy. Furthermore, the 
variable was measured as both a discrete and binary variable in order to facilitate the unique aims of 
temporal and multivariate analyses. 
Estimation strategy. Since no single data source offers definitive, annual, county-specific 
estimates of the total number of MFWs, a 6-step estimation strategy was employed during this 
investigation. In short, steps 1 and 2 drew upon data from the QCEW and the NAWS in order to estimate 
the number of hired farm workers (HFWs) in each county stemming from two industries comprehensive of 
field crop agriculture, that is, crop production (NAICS 111) and support activities for crop production 
(NAICS 11151). However, lower-level data in the QCEW suffered from suppressions of employment and 
wage information as well as instances where the county designation for such information was unknown. 
For this reason, estimates resulting from steps 1 and 2 were referred to as the incomplete number of HFWs. 
Steps 3 and 4 attempted to resolve this problem by estimating the number of HFWs in each county that 
were lost due to suppressions or unknown county designations. For this reason, estimates resulting from 
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steps 3 and 4 were referred to as the missing number of HFWs. Step 5 combined the incomplete number of 
HFWs and the missing number of HFWs in order to determine the complete number of HFWs. Finally, step 
6 estimated the fraction of HFWs in each county that were MFWs. With one key exception outlined in step 
4, this estimation strategy was modelled after that used by the University of Florida and the Florida Housing 
Finance Corporation in order to estimate MFW housing demands in a 2013 market study.119 The following 
is a comprehensive review of the 6-step estimation algorithm just described. Unless otherwise noted, all 
figures are annual and county-specific, and the algorithm was repeated independently for each year in the 
study time period. 
Step 1. The total number of weeks worked by all HFWs was computed by dividing the total wages 
of HFWs by the average weekly wage of HFWs, both of which were provided by the QCEW. In other words: 
 
𝑇𝑜𝑡𝑎𝑙 𝑤𝑒𝑒𝑘𝑠 𝑤𝑜𝑟𝑘𝑒𝑑 𝑏𝑦 𝐻𝐹𝑊𝑠𝑖 =
𝑇𝑜𝑡𝑎𝑙 𝑤𝑎𝑔𝑒𝑠 𝑜𝑓 𝐻𝐹𝑊𝑠𝑖
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑤𝑒𝑒𝑘𝑙𝑦 𝑤𝑎𝑔𝑒 𝑜𝑓 𝐻𝐹𝑊𝑠𝑖
 
 
where i refers to each individual county. This calculation was performed independently for industries 
NAICS 111 and NAICS 11151.  
Step 2. The incomplete number of HFWs was estimated by dividing the total number of weeks 
worked by the statewide average number of weeks worked by HFWs,A obtained directly from the NAWS. In 
other words: 
 
𝐼𝑛𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝐹𝑊𝑠𝑖 =
𝑇𝑜𝑡𝑎𝑙 𝑤𝑒𝑒𝑘𝑠 𝑤𝑜𝑟𝑘𝑒𝑑 𝑏𝑦 𝐻𝐹𝑊𝑠𝑖
𝑆𝑡𝑎𝑡𝑒𝑤𝑖𝑑𝑒 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑤𝑒𝑒𝑘𝑠 𝑤𝑜𝑟𝑘𝑒𝑑 𝑏𝑦 𝐻𝐹𝑊𝑠
 
 
where i refers to each individual county. Again, this calculation was performed independently for industries 
NAICS 111 and NAICS 11151.  
_________________________________________________________________________________________________________________________ 
AThe statewide average number of weeks worked by HFWs was 42.01314. Due to the relatively small sample sizes of 
NAWS surveys, this figure was based on the most recent four years of data between 2009 and 2012, as recommended 
by the DOL Division of Research and Evaluation, and applied to each year of the study time period. Furthermore, in 
order to adjust for the relative value of each interview and obtain population estimates, a sampling weight, denoted as 
PWTYCRD, was applied during its calculation. 
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Step 3. In order to estimate the statewide missing number of HFWs (representing HFWs that 
belonged to counties with either unknown county designations or suppressed data), the statewide total 
number of HFWsA (calculated separately by performing steps 1 and 2 directly on unsuppressed, statewide 
figures) was subtracted by the sum of the incomplete numbers of HFWs from all 67 Florida counties. In 
other words: 
 
𝑆𝑡𝑎𝑡𝑒𝑤𝑖𝑑𝑒 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝐹𝑊𝑠 = 
𝑆𝑡𝑎𝑡𝑒𝑤𝑖𝑑𝑒 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝐹𝑊𝑠 − ∑ 𝐼𝑛𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝐹𝑊𝑠𝑖
𝑛=67
𝑖=1
 
 
where i refers to each individual county and n is the total number of counties in Florida. Once more, this 
calculation was performed independently for industries NAICS 111 and NAICS 11151. 
Step 4. The statewide missing number of HFWs was redistributed to all counties based on each 
county’s relative proportion of field crop acreage in the state of Florida. In other words: 
 
𝑀𝑖𝑠𝑠𝑖𝑛𝑔 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝐹𝑊𝑠𝑖 = 
(𝑆𝑡𝑎𝑡𝑒𝑤𝑖𝑑𝑒 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝐹𝑊𝑠) ∗  (𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑜𝑓 𝑓𝑖𝑒𝑙𝑑 𝑐𝑟𝑜𝑝 𝑎𝑐𝑟𝑒𝑎𝑔𝑒)𝑖 
 
where i refers to each individual county. Again, this calculation was performed independently for industries 
NAICS 111 and NAICS 11151. 
The proportion of cropland in each county was defined as the sum of each county’s land devoted 
exclusively to field agriculture, measured in acres, as a percentage of all land devoted to field agriculture in 
the state of Florida. Field agriculture was defined as the cultivation of all field crops found in Florida and 
documented by the Cropland Data Layer. This included oranges and other citrus crops, sugarcane, peanuts, 
cotton, corn, sweet corn, sod and grass seed, potatoes, sweet potatoes, soybeans, dry beans, millet, rye, 
strawberries, blueberries, caneberries, cranberries, oats, peas, rice, sorghum, watermelons, pecans, winter 
_________________________________________________________________________________________________________________________ 
AAlthough the employment and wage information of any given county may be missing due to unknown county status 
or deliberate suppression, aggregations of data reported at the state level encompass all employment and wage 
information, including any suppressed, lower-level data. 
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wheat, spring wheat, squash, cantaloupes, clovers, wildflowers, celery, tomatoes, herbs, camelina, tobacco, 
lettuce, pop or orn corn, peppers, alfalfa, cucumbers, cabbage, triticale, turnips, grapes, Christmas trees, 
miscellaneous fruits and vegetables, other field and tree crops and any double field crops.116 In ArcGIS 10.3.1 
software, raster datasets depicting the annual, geographic extent of Florida field crops between 2009 and 
2013 were imported and the following process was repeated for each one: first, non-relevant agricultural 
and geographic classes were removed from the dataset, which consisted of fallow and idle cropland, forest, 
shrubland, barren landscape, clouds, wetlands, non-agricultural and undefined land, aquaculture, open 
water, perennial ice and snow, deciduous forest, evergreen forest, mixed forest, shrubland, grass and 
pastureland, woody wetlands, herbaceous wetlands, and all low, medium, high and open space developed 
areas. Second, the dataset was converted from a raster to an unsimplified, polygon feature class by means 
of the “Raster to Polygon” tool. Third, polygons representing all relevant field crops were intersected by the 
boundaries of Florida counties using the “Intersect” tool, keeping the output geometry type the same as the 
input type. Fourth, the total acreage of each polygon was calculated utilizing the “Calculate Geometry” 
feature of the feature class attribute table. The native projection of the original raster dataset, the Albers 
Conic Equal Area Projection, was employed during these calculations. Then, the “Summary Statistics” tool 
was applied to sum the acreage of cropland by each Florida county, and it was measured as a continuous 
variable. Finally, the sum of all cropland in the state of Florida was calculated and utilized to compute the 
proportion of cropland in each county. 
Redistributing the statewide missing number of HFWs based on each county’s relative proportion 
of field crop acreage comprised the only difference between the estimation strategy employed in this 
investigation and that of the 2013 rental market study conducted by the University of Florida.119 In the 
rental market study, HFWs were redistributed according to each county’s share of the incomplete number 
of HFWs to the unsuppressed, state totals. This may have resulted in underestimating the quantity of HFWs 
in some counties while overestimating the quantity of HFWs in others since the county-level distribution 
of workers at suppressed establishments was unlikely to match the county-level distribution of wages and 
workers at unsuppressed establishments.119 In order to circumvent this bias, redistribution was based on 
each county’s proportion of field crop acreage to the state total, assuming that the quantity of field crops 
influences the quantity of HFWs required for farm labor.  
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Step 5. The complete number of HFWs was determined by summing the incomplete number of 
HFWs and the missing number of HFWs. This calculation was repeated independently for both industries 
NAICS 111 and NAICS 11151. Then, the totals of both industries were summed together in order to calculate 
the complete number of HFWs from all field crop industries. In other words: 
 
𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝐹𝑊𝑠𝑖 𝑁𝐴𝐼𝐶𝑆111+ 𝑁𝐴𝐼𝐶𝑆11151 = 
𝐼𝑛𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝐹𝑊𝑠𝑖 𝑁𝐴𝐼𝐶𝑆111 +  𝑀𝑖𝑠𝑠𝑖𝑛𝑔 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝐹𝑊𝑠𝑖 𝑁𝐴𝐼𝐶𝑆111 + 
𝐼𝑛𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝐹𝑊𝑠𝑖 𝑁𝐴𝐼𝐶𝑆11151 + 𝑀𝑖𝑠𝑠𝑖𝑛𝑔 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝐹𝑊𝑠𝑖 𝑁𝐴𝐼𝐶𝑆11151 
 
where i refers to each individual county and NAICS 111 and NAICS 11151 refers to the industries of crop 
production and support activities for crop production, respectively. 
Step 6. The total number of MFWs in each county was estimated by multiplying the complete 
number of HFWs by the proportion of MFWs in the state of Florida,A as determined by the NAWS. In other 
words: 
 
𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑀𝐹𝑊𝑠𝑖 = 
(𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝐹𝑊𝑠𝑖 𝑁𝐴𝐼𝐶𝑆111+ 𝑁𝐴𝐼𝐶𝑆11151) ∗ (𝑆𝑡𝑎𝑡𝑒𝑤𝑖𝑑𝑒 𝑝𝑒𝑟𝑐𝑡𝑎𝑛𝑔𝑒 𝑜𝑓 𝑀𝐹𝑊𝑠) 
 
where i refers to each individual county, and NAICS 111 and NAICS 11151 refers to the industries of crop 
production and support activities for crop production, respectively.  
Binary measurement. In addition to being measured as a discrete count variable, the quantity 
of MFWs was also measured as a binary, nominal-level variable discretized by the 90th percentile for use 
during temporal analysis. This breakpoint was chosen for two reasons: for one, each year’s 90th percentile 
was remarkably close to the optimal value identified by the Jenks Natural Breaks Classification Method. 
This optimization method was originally developed for optimizing choropleth maps by binning data into a 
specified number of classes that have minimal variation within and maximal variation between.141, 142 For 
_________________________________________________________________________________________________________________________ 
AThe statewide proportion of MFWs was 27.08%. Due to the relatively small sample sizes of NAWS surveys, this figure 
was based on the most recent four years of data between 2009 and 2012, as recommended by the DOL Division of 
Research and Evaluation, and applied to each year of the study time period Furthermore, in order to adjust for the 
relative value of each interview and obtain population estimates, a sampling weight, denoted as PWTYCRD, was applied 
during its calculation. 
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years 2009 through 2013, these natural breaks in the data were 1,192.76, 856.11, 1,127.67, 1,903.2959, and 
1,038.37, respectively. Congruently, the 90th percentiles for said years were 1,192.76, 1,220.70, 1,127.67, 
1,093.30, and 1,038.36, respectively. The 90th percentiles were also chosen because they best described the 
annual distributions of MWFs, which exhibited substantial positive skew due to many counties possessing 
smaller populations of MFWs. If indeed the countywide occurrence of active TB was related to the quantity 
of MFWs, utilizing a more conventional breakpoint, such as the median, may have resulted in residual 
confounding stemming from both groups – those above and those below the median – containing 
significant proportions of counties with smaller MFW populations. Discretizing counties by the 90th 
percentile of the quantity of MFWs resulted in creating two classes of counties: those below and those above 
the 90th percentile. The latter group consisted of Collier, Hendry, Hillsborough, Manatee, Miami-Dade, and 
Palm Beach County during years 2009 through 2012, and one additional county in 2013, that is, Orange 
County. 
Sex 
The percentage of males was defined as the sum of those who possess the biological attributes of 
males, such as chromosomes, anatomy, and hormones, as a proportion of total county population, as 
determined by the PEP. This is not to be confused with gender, which is a social construction comprised of 
the tendencies and behaviors labelled by society as either masculine or feminine.143, 144 Two separate data 
files of annual estimates of the resident populations of Florida counties, organized by age, sex and 
race/ethnicity, were obtained from the BOC PEP government website. One data file encompassed years 
2000 through 2010, and the other years 2010 through 2014. Using SAS 9.4 software, the data was subset 
by the study time period and county-specific estimates of the total number of males were summed across 
all age groups and races/ethnicities for each year in the study time period. 
Race/Ethnicity 
In order to minimize any possible confounding due to the influence of each county’s unique 
racial/ethnic composition, the following county-level, demographic variables were incorporated in the 
analysis: the percentage of African Americans, the percentage of Hispanics, and the percentage of Asians. 
The percentage of African Americans was defined as the sum of those who would identify as Black or African 
American, as outlined by the BOC, as a proportion of total county population, as determined by the PEP.145 
Analogous definitions were used for the percentages of Hispanics and Asians.145, 146 Census and survey 
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questionnaires periodically collect racial/ethnic data by means of self-report. Respondents who identify as 
Black or African American have origins in any of the Black racial groups of Africa.145 Alternatively, anyone 
identifying as having origins in any of the original peoples of the Far East, Southeast Asia, or the Indian 
subcontinent is regarded as Asian. Hispanics are those who either identify with the terms “Latino” or 
“Hispanic” or classify themselves in any one of the following Latino or Hispanic categories listed on any 
BOC survey questionnaire: Mexican, Mexican American, Chicano, Puerto Rican, Cuban or other Hispanic, 
Latino or Spanish origin.146 Using SAS 9.4 software, data files of annual estimates of the resident 
populations of Florida counties were subset by the study time period and county-specific estimates of the 
total number of African Americans, Hispanics and Asians were summed across all age groups and sexes for 
each year in the study time period. 
Unemployment 
The annual mean unemployment rate of a given county was defined as the average number of 
persons estimated to be unemployed among those constituting the civilian labor population during a given 
year, per 100 persons. It was calculated as the mean unemployment rate across all 12 monthly 
unemployment rates of any particular year, as determined by the LAUS.127 The annual mean unemployment 
rate, as opposed to the total number of unemployed, was utilized for this analysis because the latter includes 
multiple counts of the same individuals who are unemployed across multiple months of the year, thus 
overestimating the construct that is trying to be measured, that is, the general amount of unemployment in 
a given region over the course of a year.   
The LAUS calculates the monthly unemployment rate as the number of unemployed as a percent 
of the civilian labor force, which includes members of the US population ages 16 or older who qualify as 
either employed or unemployed and are not members of the civilian institutional population.127 According 
to the BLS, the civilian institutional population is defined as persons residing in the 50 states or the District 
of Columbia who meet one of the following criteria: they are less than 16 years of age; inmates of an 
institution, such as homes for the aged, penal facilities, or mental hospitals; or members of the Armed forces 
who are not on active duty.147 Employed persons are defined as those who meet any one of the following 
criteria during the reference week of a given month: they perform any work as a paid employee; work in 
their own business, profession or farm; work 15 hours or more as unpaid workers in a family-owned 
enterprise; or have a job from which they are temporarily absent.127 Unemployed persons are those who 
 
33 
 
meet all of the following criteria during the reference week of any given month: they are available for 
employment but have none and have made specific efforts to find employment anytime during the 4-week 
period prior to the reference week. There is one exception, however. Persons waiting to be recalled to a job 
from which they were laid off do not necessarily need to be searching for work during the 4-week period 
prior to the reference week in order to be classified as unemployed. Data files containing county-specific, 
mean unemployment rates for years 2009 through 2013 were imported directly into SAS 9.4 software. 
Poverty 
The annual poverty rate was defined as the number of individuals and/or family members, per 100 
persons, whose total individual and/or family income was below the poverty threshold for a given year. 
Specific poverty thresholds for the years during the study time period 2009 to 2013 may be found BOC 
government website regarding sources of poverty data.148 SAPIE data files containing annual, county-
specific estimates of the number of people in poverty was imported directly into SAS 9.4 software. 
Overcrowding 
The percentage of housing units with greater than one occupant per room was defined as the county 
total of both owner and renter-occupied housing units with more than 1 occupant per room as a proportion 
of the total number of owner and renter-owned housing units. The ACS defines occupants per room as the 
number of current residents in each occupied housing unit, whether owner or renter occupied, divided by 
the number of rooms in each unit, rounded to the nearest hundredth.149 Housing units may be houses, 
apartments, mobile homes, a group of rooms or even a single room that is either occupied or intended for 
occupancy and qualifies as “separate living quarters.”149 According to the ACS, separate living quarters are 
those in which occupants live separately from other individuals and may have direct access to the outside 
or through a common hall.149 
ACS 5-year estimates reflecting tenure by occupants per room during 2009 to 2013 was obtained online 
through American FactFinder, a web-based tool designed for user-friendly access to all census data. In 
order to locate the appropriate data files, a number of filters were applied in the following order: 
Geographies > County – 050 > Florida > All Counties within Florida; Topics > Housing > Occupancy 
Characteristic > Occupants Per Room; and Topics > Dataset > 2013 ACS 5-year estimates, 2012 ACS 5-year 
estimates, 2011 ACS 5-year estimates, 2010 ACS 5-year estimates, and 2009 ACS 5-year estimates. CSV files 
were downloaded for use in Microsoft Excel 2015 and prepared for import into SAS 9.4 software. The total 
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number of housing units with greater than one occupant per room was then calculated by summing the 
number of owner and renter-occupied units fitting the same criteria.  
 Seasonality 
In order to determine whether statistically significant and agriculturally relevant seasonal 
variations of active TB incidence rates existed, a nominal-level, seasonal variable was generated. The period 
between February 1 and June 30 was classified as the “transmission season,” and the remaining portions of 
the year, expressly January 1 through January 31 and July 1 through December 31, were classified as the 
“non-transmission season.” Seasonal demarcation was based on two factors: peak activity of crop 
agriculture and the natural history of active TB infection. According to Frees et al. (1992), majority of 
Florida’s perishable crops are in season and the number of MFWs peaks between February 1 and March 
31.23  This, in combination with known information related to the incubation period of active TB infection, 
highlighted the 5-month period from February to June as the prime seasonal window for the onset of new 
cases. Generally speaking, the incubatory period of active TB infections lies between 4 to 12 weeks.150 
Assuming MFW populations do in fact serve as a reservoir for disease transmission in the broader 
community, as MFW populations begin returning to Florida in January, newly acquired infections would 
begin increasing during this time period and display signs and symptoms near the start of February at the 
earliest. Furthermore, as MFW numbers peak in February and March one might expect more active cases 
among MFWs themselves to be reported. As MFW numbers begin decreasing in April, transmission would 
presumably decrease as well, and new infections acquired during peak activity of crop agriculture in 
February and March would display signs and symptoms near the end of June at the latest. 
 
Statistical Analyses 
 Demographic Analyses 
 Univariate analyses. Univariate and bivariate statistics were generated in order to describe the 
distribution and relationships between active TB incidence, MFWs, demographic, and socioeconomic 
characteristics. With respect to univariate analyses, tables displaying the measures of central tendency, 
measures of variability, measures of relative position, and measures of distributional shape were produced 
in addition to boxplots and stem-and-leaf plots.  
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Bivariate analyses. Regarding bivariate analyses, crude relationships between active TB 
incidence rates and county-level risk factors were assessed by generating a series of simple, negative 
binomial regression models and observing unadjusted IRRs for each variable. Active TB incidence rates 
were independently regressed against each of the following county-level risk factors: the quantity of MFWs, 
measured as a discrete count variable; the percentage of males; the percentage of African Americans; the 
percentage of Hispanics; the percentage of Asians; the annual poverty rate; the annual mean unemployment 
rate; and the percentage of housing units with greater than one occupant per room.  
 Geographic Analysis 
The geographic distribution of active TB incidence and its relationship to the quantity of MFWs 
was assessed by a series of bivariate choropleth maps and measures of spatial autocorrelation, namely, 
Moran’s I and Getis and Ord’s G-statistic. Moran’s I serves is a global statistic examining the overall spatial 
trend in the data and quantifying whether the recognized pattern is either random, clustered, or 
dispersed.151 On the other hand, the G-statistic is a local measure examining each geographic feature within 
the context of neighboring features in order to identify statistically significant clusters of high values, or 
“hot spots,” and low values, or “cold spots.”152, 153, 154 For this reason, the aforementioned process in 
commonly referred to as hot spot analysis. Both analyses were performed in ArcGIS 10.3.1 software using 
the Spatial Autocorrelation (Moran’s I) Tool and Hot Spot Analysis (Getis-Ord GI*) Tool, respectively. All 
measurements were performed with Euclidean distances, and all spatial data was projected using the North 
American Datum of 1983 (NAD 1983) and the Universal Transverse Mercator Coordinate System, Zone 17N 
(UTM Zone 17N). 
Assumptions. Several critical assumptions belie the Moran’s I and G-statistic: minimum sample 
size, appropriate conceptualization of spatial relationships, and appropriate distance band size.155, 156 Given 
the state of Florida consists of 67 counties, the minimum requirement of 30 geographic features was 
satisfied. Spatial relationships between features, or counties, were conceptualized according to a fixed 
distance method, which is commonly used when features are polygons that exhibit varying sizes across 
space.157 In order to determine the appropriate distance band size, the Incremental Spatial Autocorrelation 
Tool, which measures spatial autocorrelation over a series of distances, was employed. Several input 
parameters were required with the usage of this tool: the beginning distance, the number of distance 
increments, increment size, and whether or not to apply row standardization. The beginning distance was 
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computed by the Calculate Distance Band from Neighbor Count Tool and set at 219,029 m, or 136.0 mi, as 
this was the minimum distance necessary to ensure that each feature had at least 8 neighbors, which is a 
convention that is particularly important for skewed data.157 Thirty distance increments of approximately 
9,399 m, or 5.8 mi, were analyzed. Increment size was determined by the smaller value of either the average 
nearest neighbor or (DM - DB) / I, where DM is the maximum distance threshold, DB is the beginning 
distance, and I is the desired number of distance increments. Row standardization was applied in order to 
mitigate any bias resulting from the imposed aggregation scheme of administrative boundaries delineating 
counties.157 With respect to the quantity of MFWs, spatial autocorrelation was statistically significant at all 
distance increments with maximal spatial autocorrelation detected at 350,619.65 m, or 217.9 mi, for each 
year of the study time period. Thus, this distance was deemed an appropriate band size for all years in 
further spatial analyses of MFWs. Regarding active TB incidence rates, maximal spatial autocorrelation was 
detected at 275,424.99 m, 228,428.33 m, 275,424.99 m, 350,619.65 m, and 360,018.98 m for years 2009 
through 2013, respectively, therefore such were the distance band sizes used in subsequent analyses. One 
should note, however, that maximal spatial autocorrelation occurring at the aforementioned band sizes was 
not statistically significant.  
Once the appropriate distance band size could be determined, the Generate Spatial Weights Matrix 
Tool was utilized in order to quantify the spatial relationships and assign spatial weights among features in 
the dataset. Here again, row standardization was employed with a threshold distance of 350,619.65 m. This 
distance resulted in a minimum number of neighbors of 15, a maximum of 57, and an average of 43.34, and 
the percentage of spatial connectivity was 64.69%. The resultant output spatial weight matrix file was 
utilized in calculations of Moran’s I and the G-statistic.   
False Discovery Rate (FDR) Correction. In calculations of the G-statistic there are two issues 
that threaten the validity of the results: spatial dependency and family wise error. Quite often geographic 
features that are near one another tend to be more similar than those farther away – one type of spatial 
dependency.158 This can be problematic for local spatial statistics as many assume that features are 
independent of one another, and by consequence their statistical significance is artificially inflated.158 
Family wise error relates to the probability of committing a Type I error, or falsely rejecting a null 
hypothesis, in the course of multiple hypothesis testing on the same sample.159 This is particularly relevant 
to local spatial statistics like the G-statistic where separate tests are performed on each feature in the dataset 
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in order to determine if it comprises a “hot spot” or “cold spot.”158 With 67 counties in the study at hand, 
this means there was a 96.8%A chance of committing a Type I error at least once among all tests involved 
in hot spot analysis. Two general methods exist for controlling family wise errors. There are classical 
procedures, such as the Bonferroni, Tukey, or Sidak corrections,159 but they tend to be too conservative and 
risk missing statistically significant results when in fact they do exist.158, 160 Alternatively, a post-test 
correction can be applied in which the expected number of false positives are deducted from a list of 
statistically significant results with the highest p-values.158 This is known as the False Discovery Rate (FDR) 
Correction, and although not perfect, studies have shown that it performs better than applying traditional, 
more conservative methods, and it has been recommended for ecological studies especially.160, 161, 162 Using 
ArcGIS 10.3.1 software, the FDR Correction option was applied during hot spot analyses to control for 
family wise error and spatial dependency. 
Temporal Analyses 
Time plots. The temporal distribution of active TB cases was assessed by a series of time plots, 
bar charts, and negative binomial regression models with repeated measures. Time plots examined active 
TB case counts and incidence rates across annual, quarterly, monthly, and seasonal time intervals 
throughout the 5-year study period. Crude as well as stratified descriptive analyses were performed on each 
plot, the latter of which consisted of splitting counties by the 90th percentile of MFWs for each year.  
Seasonal analysis. In order to determine whether an association existed between active TB 
incidence and seasonality, a series of negative binomial regression models were developed for each year 
(the choice of negative binomial regression is described in further detail under the section entitled “Model 
Construction”). Specifically, the following steps were repeated for each year: first, an indicator variable 
known as seasonality was created in order to delineate seasons. The transmission season was coded as “1” 
and non-transmission season as “0.” Second, county-specific, active TB case counts were summed across 
seasonal and non-seasonal periods. Consequently, each county consisted of two observations, that is, one 
total of active TB cases for each season, thus necessitating a repeated measures analysis. Finally, active TB 
incidence rates were regressed against seasonality in a crude model consisting of all Florida counties. Then, 
_________________________________________________________________________________________________________________________ 
AThe formula for calculating the probability of a family wise error is defined by 1 − (1 − 𝛼)𝑛 where 𝛼 is a predetermined 
level of Type I error and n is the number of tests to be performed.159 In the present study, a hot spot analysis in any 
given year would result in 67 tests, one for each Florida county, with a Type I error of 0.05. Thus, the probability of 
committing a Type I error at least once in any given year was 1 − (1 − 0.05)67 = 0.9678 ~ 96.8%. 
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in order to evaluate whether seasonal variation of active TB incidence was unique to those counties with 
larger MFW populations, Florida counties were stratified into two groups by the 90th percentile of MFW 
population size, and regression against seasonality was repeated individually for each group. IRRs were 
computed for seasonality, and the relationship between the active TB incidence rate, seasonality, and the 
relative size of MFW populations was observed. 
There were two important considerations during the regression phase: rate adjustment of the 
dependent variable and the choice of covariance structure. Active TB case totals not only required 
adjustment for underlying differences in the PAR but also needed to account for the varying lengths of time 
of the seasonal periods. This was achieved by including the natural log of the product of total county 
population and the length of time of each season (measured in months) as an offset among the independent 
variables. This is possible because the traditional negative binomial model for rates163 (here including 
multiple terms for the adjustment of PAR and time) defined by 
ln (
(
𝜇
𝑃𝐴𝑅)
𝑡
) =  𝛽0 +  𝛽1𝑥1 +  𝛽2𝑥2 + ⋯ +  𝛽𝑝𝑥𝑝 + 𝜎𝜀 
is algebraically equivalent to the model defined by 
ln(𝜇) =  𝛽0 + 𝛽1𝑥1 +  𝛽2𝑥2 + ⋯ +  𝛽𝑝𝑥𝑝 + 𝜎𝜀 + ln (𝑃𝐴𝑅 ∙ 𝑡) 
where µ is the expected count of the response, or dependent, variable; PAR is the population at risk; t a 
given time interval; the population regression coefficients β1,  β2 … βp are to be estimated; the predictor 
variables x1, x2, … xp are given; and 𝜎𝜀  is the dispersion parameter accounting for error and 
overdispersion.163 Thus, factors of 5 and 7 were multiplied by a given total county population for 
transmission and non-transmission seasons, respectively. Ultimately, this resulted in the regression of 
independent variables against monthly, active TB incidence rates. Regarding covariance structures, the 
following were applied to the regression model and evaluated with respect to the quasilikelihood under the 
independence model criterion (QIC): compound symmetry, unstructured, first order autoregressive, and 
autoregressive heterogeneous variances. The first order autoregressive covariance structure was selected 
because it consistently returned lower values of QIC across all models.164 
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Multivariate Analyses  
The strength and direction of the association between the incidence of active TB and the quantity 
of MFWs was initially modelled by a sequence of Poisson regression models, one for each year of the study 
time period, and then followed by a series of negative binomial models in the presence of real 
overdispersion,163 a common strategy of other public health and epidemiological studies.165, 166, 167 
Specifically, active TB case totals were regressed against the percentage of males; the percentage of African 
Americans; the percentage of Hispanics; the percentage of Asians; the annual mean unemployment rate; 
the annual poverty rate; the percentage of housing units with greater than one occupant per room; and the 
quantity of MFWs, measured as a discrete count variable. In order to control for variation in the underlying 
PAR by county, all Poisson and negative binomial models included the natural log of total county population 
as an offset among the independent variables. The selection of a final, parsimonious model was performed 
using an all-subsets algorithm and comparing model fit statistics between candidate models. The final 
model was evaluated for outliers, and adjusted IRRs were reported for each variable remaining in the 
model. Any changes in IRRs of independent variables over time were evaluated with the aid of forest plots. 
Unless otherwise noted, all modeling took place in SAS 9.4 software using PROC GENMOD with the log 
link function. 
Model choice. The choice of a negative binomial model was preceded by that of a Poisson model 
in which real overdispersion was detected,163 and the choice of a Poisson model was based on theoretical as 
well as empirical grounds. Both Poisson and negative binomial models are discrete count models 
appropriate in circumstances where the values of the dependent variable are discrete counts and the 
frequency of large counts is relatively rare,163, 168, 169 as was the case in this study. Overdispersion in the 
Poisson model was detected by observing the Pearson dispersion statistic, or the quotient of the Pearson 
Chi-Square statistic divided by the model’s degrees of freedom.163 Traditionally, the deviance statistic has 
been used for such purposes, but Monte Carlo simulations have indicated that the Pearson statistic is 
superior.163 In keeping with recommendations for small to moderately sized models, a Pearson Chi-Square 
statistic between 0.75 and 1.25 was regarded as satisfactory.163 The transition from a Poisson model to a 
negative binomial model was based on two grounds: observation of the change in the Akaike Information 
Criterion (AIC) and the results of a boundary likelihood ratio test, with greater preference given to the 
latter.163 The boundary likelihood ratio test is perhaps the simplest and most popular method of assessing 
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Poisson overdispersion.163 It examines the statistical significance of the reduction in the residual deviance 
due to the inclusion of the dispersion parameter in the negative binomial model, in which case the latter 
would provide a better fit of the data.163  
Model selection. Following the transition to a negative binomial model, the selection of a 
parsimonious model was determined using an all-subsets algorithm in which 128 candidate models, one 
for each possible combination of independent variables (the quantity of MFWs was included in each model 
variant), were generated and compared according to the general form of the AIC statistic, or  
𝐴𝐼𝐶 = −2£ + 2𝑘 
where £ is the model log-likelihood and k is the number of predictors, including the intercept.168, 170 The AIC 
statistic is known as the foremost statistic commonly used to compare different models, and it has been 
shown to identify better fitted models than many competing tests.163 According to simulation studies 
conducted by Hilbe (2009), differences in AIC statistics ranging between 6.0 and 9.0 may be statistically 
significant for sample sizes between 64 and 256; sample sizes less than 64 require differences of 10 or 
greater (see Table 1).171 Given the sample size of this investigation was 67, a conservative approach to model 
selection was undertaken, and candidate models were favored if they reduced the AIC statistic of the full 
model containing all independent variables by 10 units or more. Following selection of a final model, nested 
likelihood ratio tests (LRTs) were conducted in order to determine whether interaction terms were 
necessary.163 In congruence with literature, interactions between various racial/ethnic variables and the 
percentage of housing units with greater than one occupant per room were tested.37 
 
Table 1. Akaike Information Criterion (AIC) significance levels 
 
Difference between  
models A and B Result if A < B 
<0.0 & <= 2.5 
 
<2.5 & <= 6.0 
<6.0 & <= 9.0 
10+ 
No difference in 
models 
Prefer A if n > 256 
Prefer A if n > 64 
Prefer A 
 
*AIC significance levels are based on the general equation of AIC, or 𝐴𝐼𝐶 = −2£ + 2𝑘 
where £ is the model log-likelihood and k is the number of predictors, including the intercept. 
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Model fit assessment. Finally, model fit was assessed by conducting a deviance goodness of fit 
test, evaluating multi-collinearity, and diagnosing outliers. In order to assess multi-collinearity, or the 
degree to which independent variables were correlated among themselves,168 the final model was regressed 
once more utilizing a linear model in PROC REG, and the Variance Inflation Factor (VIF) was computed 
for each independent variable.168 Usage of VIF values is widely accepted,172 and various levels of acceptable 
VIF values have been published in the literature. Rogerson (2001) and Pan and Jackson (2008) have 
suggested 5 and 4, respectively,173, 174 but perhaps the most commonly used maximum is that of 10, with 
those greater than 10 indicating severe multi-collinearity.172, 175, 176, 177 This investigation conservatively 
regarded values ranging between 3 and 5 as moderate cases of multi-collinearity and those ranging between 
5 and 10 as severe cases of multi-collinearity in need of remediation. 
Outliers were diagnosed by observing plots of standardized deviance residuals (di) against leverage, 
or hat statistics (hi), computing influence statistics, and jackknifing the model in order to observe the actual 
impact of removing extreme observations. Standardized deviance residuals and leverage statistics have 
been widely used to identify extreme observations with respect to dependent and independent variables, 
respectively.163 Standardized deviance residuals that had an absolute value greater than 2 and h values 
greater than 2(p/n), where p was the number of model parameters (including the intercept) and n was the 
sample size, were regarded as potential outliers.168 Given each of the final, multivariate models consisted of 
67 counties and contained all eight independent variables, the same outlier threshold was applied to all 
models with respect to leverage statistics, and observations were considered potential outliers if their 
leverage statistics were greater than 0.268656. The influence of potential outliers on the final model was 
further assessed by computing Cook’s Distance (Cook’s D) for each observation and DFBETA for each 
variable in the model.168 Generally speaking, Cook’s D measures the influence of deleting a single 
observation on overall model fit by calculating the total change in fitted values when a single observation is 
excluded from the model.168 Similarly, DFBETA represents the effect of deleting a single observation on 
each parameter estimate, and it is calculated separately for each variable.168 Potential outliers were 
considered influential if they either (1) resulted in an absolute value of DFBETA greater than 1 for any 
variable or (2) possessed a value of Cook’s D at or above the 40th percentile in a F distribution with p and 
n-p degrees of freedom (where p was the number of parameters in the model, including the intercept, and 
n was the sample size).168 Here again, given each of the final, multivariate models consisted of 67 counties 
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and contained all eight independent variables, the same outlier threshold was applied to all models with 
respect to Cook’s D, and an observation was considered a potential outlier if its Cook’s D was greater than 
0.88. The impact of potential outliers was then assessed by individually removing them from the model and 
observing any notable changes in (1) the statistical significance of any variable or (2) the parameter 
estimates of statistically significant variables,163 in which case they were reported. With respect to the latter, 
observations yielding a 10% change or more in parameter estimates were reported. One should note that 
no outliers were deleted from the dataset during the final calculation and reporting of IRRs; rather, outliers 
were removed from the dataset solely for diagnostic purposes in order to assess their potential influence on 
the magnitude and statistical significance of IRRs.  
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CHAPTER THREE: 
RESULTS 
 
Data Cleaning and Preparation 
All secondary data sources were imported into SAS 9.4 software and evaluated for missing 
information, data errors, and logical consistency. Between January 1, 2009 and December 31, 2013, a total 
of 4,069 cases of active TB were reported among Florida counties. Of these, 3,264 cases (80.2%) were 
confirmed laboratory cases and included in the study. 2,736 confirmed cases (83.8%) were classified as PTB 
and 528 confirmed cases (16.2%) were classified as XPTB. County-level measures were calculated annually 
for both dependent and independent variables, and there were no missing observations in the final data 
sets ready for subsequent analyses (see Table 2). 
 
Table 2. Missing data for county-level risk factors, Florida counties, 2009-2013 
 
 2009 2010 2011 2012 2013 
County-level risk factors n (%) n (%) n (%) n (%) n (%) 
Total No. MFWs 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 
% of Males 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 
% of African American 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 
% of Hispanics 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 
% of Asians 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 
Poverty Rate 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 
Mean Unemployment Rate 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 
% of Households > 1 Per Room 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 
 
Demographic Analysis 
Univariate Analysis 
TB case totals and incidence rates. During years 2009 through 2013, the number of Florida 
counties experiencing no cases of active TB was 14, 12, 15, 17, and 21, respectively. Each year, Miami-Dade 
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County experienced the greatest number of cases, ranging between 100 in 2012 and 140 in 2009 (see Table 
3). The highest incidence rates, however, belonged to Columbia County in 2009 (15.6 per 100,000) and 
Union County in the following years (9.7 in 2010, 13.1 in 2011, 16.4 in 2012, and 1.7 in 2013) (see Table 4). 
The mean number of active TB cases steadily decreased from 10.4 in 2009 to 9.0 in 2013 and remained at 
9.0 in 2013. Similarly, the mean incidence rate decreased from 2.0 per 100,000 in 2009 to 1.2 per 100,000 
in 2013. Majority of counties experienced relatively low numbers of active TB cases and incidence rates. 
Fifty percent of counties experienced 3 cases or less between 2009 and 2011 and 2 cases or less in the 
remaining years. Ninety percent of incidence rates were below 3.8 per 100,000 between 2009 and 2011 and 
under 3.2 in the remaining years. The large frequency of counties with low numbers of cases and incidence 
rates was further demonstrated by the positive skew and leptokurtic distribution of TB case totals and 
incidence rates across all years. With respect to active TB case totals, the interquartile range remained 
relatively constant across all years (6, 8, 7, 7, and 6 for years 2009 through 2013, respectively). Similarly, 
the incidence rate also remained relatively stable (2.0, 1.7, 1.7, 2.0, and 1.7 cases per 100,000 for years 2009 
through 2013, respectively). 
Quantity of MFWs. In years 2009, 2011, and 2013, Franklin and Monroe County were the only 
counties to have no MFW populations, and in years 2010 and 2012 these counties were Gulf and Monroe, 
respectively. Each year, Hillsborough County possessed the greatest number of MFWs, ranging between 
3,192 in 2012 and 3,973 in 2009 (see Table 5). The mean number of MFWs steadily decreased from 403.3 
in 2009 to 350.3 in 2013. Majority of counties experienced relatively low numbers of MFWs as 50% of 
counties possessed populations of approximately 100 or less across all years. Seventy-five percent had 
populations less than or equal to 384, 341, 348, 328, and 332 during years 2009 through 2013, respectively, 
and 10% of counties had populations well over 1,000 across all years. Here again, the high frequency of 
counties with smaller MFW populations was demonstrated by the positive skew and leptokurtic distribution 
MFWs across all years. With the exception of 2009, the interquartile range remained somewhat constant 
(351, 307, 317, 299, and 304 for years 2009 through 2013, respectively). 
Percentage of males. Across all years Leon County held the lowest percentage of males at just 
over 47%, and Union County held the highest percentage of males at just over 64% (see Table 6). Each year, 
the distribution of the percentage of males was approximately normal although moderately leptokurtic and 
positively skewed. The mean percentage of males remained over 51%, and 50% of counties consistently  
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Table 3. Univariate descriptive statistics of total TB cases, Florida counties, 2009-2013 
 
Variable Mean Mode Min Max IQR Range Dev 25th 50th 75th 90th Skew Kurt 
09 Total TB Cases 
10 Total TB Cases 
11 Total TB Cases 
12 Total TB Cases 
13 Total TB Cases 
10.4 
10.3 
10.0 
9.0 
9.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
140.0 
125.0 
132.0 
100.0 
121.0 
6.0 
8.0 
7.0 
7.0 
6.0 
140.0 
125.0 
132.0 
100.0 
121.0 
22.0 
20.7 
21.1 
19.1 
20.0 
1.0 
1.0 
1.0 
0.0 
0.0 
3.0 
3.0 
3.0 
2.0 
2.0 
7.0 
9.0 
8.0 
7.0 
6.0 
26.0 
32.0 
24.0 
23.0 
32.0 
4.0 
3.6 
3.9 
3.4 
3.7 
19.2 
14.9 
17.8 
11.5 
15.8 
 
 
 Table 4. Univariate descriptive statistics of TB incidence rate, Florida counties, 2009-2013 
 
Variable Mean Mode Min Max IQR Range Dev 25th 50th 75th 90th Skew Kurt 
09 TB Rate (per 100,000) 
10 TB Rate (per 100,000) 
11 TB Rate (per 100,000) 
12 TB Rate (per 100,000) 
13 TB Rate (per 100,000) 
2.0 
1.8 
1.7 
1.5 
1.2 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
15.6 
9.7 
13.1 
16.4 
6.6 
2.0 
1.7 
1.7 
2.0 
1.7 
15.6 
9.7 
13.1 
16.4 
6.6 
2.8 
2.1 
2.0 
2.3 
1.3 
0.6 
0.7 
0.3 
0.0 
0.0 
1.3 
1.3 
1.3 
1.0 
0.9 
2.6 
2.3 
2.0 
2.0 
1.7 
3.8 
3.8 
3.8 
3.2 
3.1 
3.4 
2.2 
3.1 
4.4 
1.6 
12.7 
5.3 
14.4 
25.7 
3.8 
 
 
Table 5. Univariate descriptive statistics of total migrant farm workers (MFWs), Florida counties, 2009-2013 
 
Variable Mean Min Max IQR Range Dev 25th 50th 75th 90th Skew Kurt  
09 Total MFWs 
10 Total MFWs 
11 Total MFWs 
12 Total MFWs 
13 Total MFWs 
403.3 
363.9 
362.9 
363.5 
350.3 
0.0 
0.0 
0.0 
0.0 
0.0 
3973.0 
3674.0 
3463.0 
3192.0 
3278.0 
351.0 
307.0 
317.0 
299.0 
304.0 
3973.0 
3674.0 
3463.0 
3192.0 
3278.0 
776.0 
700.3 
689.9 
671.1 
660.0 
33.0 
34.0 
31.0 
29.0 
28.0 
96.0 
81.0 
69.0 
81.0 
71.0 
384.0 
341.0 
348.0 
328.0 
332.0 
1193.0 
1221.0 
1128.0 
1093.0 
1038.0 
3.1 
3.2 
2.9 
2.8 
2.9 
10.2 
10.5 
9.0 
7.9 
8.8 
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Table 6. Univariate descriptive statistics of percentage of males, Florida counties, 2009-2013 
 
Variable Mean Min Max IQR Range Dev 25th 50th 75th 90th Skew Kurt 
09 % of Males 
10 % of Males 
11 % of Males 
12 % of Males 
13 % of Males 
51.5 
51.5 
51.4 
51.4 
51.4 
47.6 
47.6 
47.5 
47.6 
47.5 
64.3 
64.7 
64.4 
64.7 
64.7 
5.0 
5.0 
5.0 
4.8 
4.8 
16.7 
17.1 
16.8 
17.2 
17.2 
3.9 
3.9 
3.8 
3.8 
3.8 
48.6 
48.6 
48.5 
48.6 
48.6 
49.4 
49.5 
49.5 
49.4 
49.5 
53.6 
53.6 
53.6 
53.4 
53.4 
57.5 
57.6 
57.1 
57.1 
56.8 
1.3 
1.4 
1.4 
1.4 
1.4 
1.2 
1.5 
1.5 
1.7 
1.8 
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possessed percentages less than or equal to approximately 49.5%. Only about 10% of counties had 
percentages of males over 57% over all 5 years. Despite a range of percentages approximating 17% 
throughout all years, the interquartile range was about 5%, indicating that the middle half of percentages 
lied between 48.5% and 53.5%. Across all years the standard deviation remained relatively constant at 
approximately 3.8. 
Percentage of African Americans. Each year, Citrus County possessed the lowest percentage 
of African Americans at approximately 3% (see Table 7). Gadsden County consistently returned the highest 
percentage of African Americans ranging between 55.0% in 2012 and 56.2% in 2010. Each year, the 
distribution of the percentage of African Americans was leptokurtic and positively skewed, indicating a 
greater frequency of counties with relatively lower percentages of African Americans. The mean remained 
stable at about 15% across all years. Fifty percent of counties had percentages less than or equal to 
approximately 12.5% in years 2009 and 2010 and 13% in years 2011 through 2013. Ten percent of counties 
had percentages of African Americans over 27% in years 2009 and 2010 and 28% in years 2011 through 
2013. Again, despite a range of percentages between 52.0% and 53.5% throughout all years, the interquartile 
range remained stable at about 10.5%, indicating that the middle half of the percentages lied between 
approximately 8.5% and 19.0%. 
Percentage of Hispanics. Throughout all years the lowest percentage of Hispanics was 
consistently found in Baker County and remained relatively stable at approximately 2% (see Table 8). 
Similarly, Miami-Dade County possessed the greatest percentage of Hispanics across all years, ranging 
between 64.4% in 2012 and 65.7% in 2013. As with the aforementioned variables, the percentage of 
Hispanics exhibited a leptokurtic and positively skewed distribution. The mean percentage ranged between 
12.3% in 2009 and 13.2% in 2013. Fifty percent of counties had percentages less than or equal to 
approximately 8% during years 2009 through 2011 and 9% in years 2012 and 2013. Ten percent of counties 
had percentages of Hispanics over 26% during years 2009 through 2011 and 27% in years 2012 and 2013. 
The interquartile ranged between 12.1% in 2009 and 13.0% in years 2012 and 2013, indicating that the 
middle half of the percentages lied between approximately 5% and 17.5%. 
Percentage of Asians. Across all years Lafayette County had the lowest percentage of Asians at 
approximately 0.2% while Alachua County possessed the highest percentage of Asians at approximately 
5.5% (see Table 9). Each year’s distribution was approximately normal although moderately leptokurtic and  
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Table 7. Univariate descriptive statistics of percentage of African Americans, Florida counties, 2009-2013 
 
Variable Mean Min Max IQR Range Dev 25th 50th 75th 90th Skew Kurt 
09 % of African Americans 
10 % of African Americans 
11 % of African Americans 
12 % of African Americans 
13 % of African Americans 
14.7 
14.7 
14.8 
14.9 
15.0 
2.9 
2.9 
2.9 
3.0 
3.1 
56.4 
56.2 
55.7 
55.0 
55.4 
10.7 
10.2 
10.2 
10.2 
10.3 
53.5 
53.3 
52.8 
52.0 
52.3 
9.6 
9.6 
9.5 
9.4 
9.4 
8.6 
8.5 
8.4 
8.9 
8.7 
12.5 
12.6 
12.8 
13.1 
13.2 
19.3 
18.7 
18.6 
19.1 
19.0 
27.1 
27.4 
27.9 
28.2 
28.6 
1.9 
1.8 
1.8 
1.8 
1.8 
4.8 
4.7 
4.6 
4.4 
4.5 
 
 
Table 8. Univariate descriptive statistics of percentage of Hispanics, Florida counties, 2009-2013 
 
Variable Mean Min Max IQR Range Dev 25th 50th 75th 90th Skew Kurt 
09 % of Hispanics 
10 % of Hispanics 
11 % of Hispanics 
12 % of Hispanics 
13 % of Hispanics 
12.3 
12.5 
12.8 
13.1 
13.2 
2.1 
1.9 
2.2 
2.3 
2.3 
64.7 
65.0 
64.7 
64.4 
65.7 
12.1 
12.4 
12.8 
13.0 
13.0 
62.6 
63.1 
62.5 
62.1 
63.4 
12.0 
12.1 
12.1 
12.2 
12.3 
4.7 
4.8 
4.9 
5.2 
5.2 
7.9 
8.1 
8.4 
8.8 
8.9 
16.8 
17.1 
17.7 
18.1 
18.2 
25.5 
25.9 
26.3 
26.5 
27.0 
2.3 
2.3 
2.3 
2.2 
2.2 
6.2 
6.1 
5.8 
5.6 
5.7 
 
 
Table 9. Univariate descriptive statistics of percentage of Asians, Florida counties, 2009-2013 
 
Variable Mean Min Max IQR Range Dev 25th 50th 75th 90th Skew Kurt 
09 % of Asians 
10 % of Asians 
11 % of Asians 
12 % of Asians 
13 % of Asians 
1.5 
1.5 
1.6 
1.6 
1.7 
0.2 
0.2 
0.2 
0.2 
0.3 
5.4 
5.5 
5.6 
5.6 
5.7 
1.5 
1.6 
1.6 
1.6 
1.6 
5.2 
5.3 
5.4 
5.4 
5.5 
1.2 
1.2 
1.2 
1.2 
1.3 
0.5 
0.5 
0.6 
0.6 
0.7 
1.1 
1.1 
1.2 
1.3 
1.3 
2.1 
2.1 
2.2 
2.3 
2.3 
3.0 
3.0 
3.2 
3.2 
3.3 
1.4 
1.4 
1.4 
1.4 
1.4 
1.6 
1.6 
1.6 
1.6 
1.6 
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positively skewed. The mean percentage hovered at about 1.5%, and merely 10% of counties had Asian 
populations greater than 3% of the total population. Across all years there was little variation in the 
percentage of Asians between counties, as demonstrated by a range of over 5% and a standard deviation of 
about 1.2 throughout the study time period. 
Annual poverty rate. The lowest poverty rates of 4.3%, 4.6%, 4.7%, and 4.7% were held by St. 
Johns County in years 2009, 2011, 2012, and 2013, respectively (see Table 10). In 2010, Seminole County 
possessed the lowest poverty rate of 5.4%. Hardee County experienced the highest poverty rates of 14.0% 
and 14.9% in years 2009 and 2011, respectively, while DeSoto County held the highest poverty rates of 
15.0%, 13.7%, and 15.3% in years 2010, 2012, and 2013, respectively. The distribution of poverty rates in 
years 2009, 2011, 2012, and 2013 was approximately normal, as supported by the Shapiro-Wilk Test of 
Normality (p-values of 0.15, 0.08, 0.26, and 0.33 for years 2009, 2011, 2012, and 2013, respectively). The 
2010 poverty rates displayed slight positive skew. The mean poverty rate steadily increased from 8.1% in 
2009 to 9.1% in 2013. The standard deviation remained relatively constant across all years at 2.2. 
Annual mean unemployment rate. In 2009, the lowest mean unemployment rate of 5.8% 
occurred in Liberty County (see Table 11). In years 2010 and 2011, Lafayette County experienced the lowest 
mean unemployment rates of 7.3% and 6.3%, respectively, and Monroe County held the lowest rate of 4.8% 
in 2013. With respect to the highest mean unemployment rates, Flagler County possessed that of 14.7% in 
2009, and Hendry County followed suit with a rate of 14.0%, 13.9%, 12.8%, and 12.0% in years 2010 through 
2014, respectively. The distribution of mean unemployment rates was exceptionally normal across all years, 
as evidenced by the Shapiro-Wilk Test of Normality (p-values of 0.59, 0.37. 0.39, 0.64, and 0.22 for years 
2009 through 2013, respectively). The mean unemployment rate steadily decreased from 10.1% in 2009 to 
7.5% in 2013 with the exception of a brief increase in 2010. Similarly, the standard deviation decreased 
from 1.9 in 2009 to 1.6 in 2013. 
Percentage of households greater than 1 occupant per room. In 2009, Dixie County 
displayed the lowest percentage of households with greater than 1 occupant per room (0.5%) (see Table 12). 
Jefferson County possessed the lowest percentages in the following years (0.2%, 0.5%, 0.6%, and 0.7% for 
years 2010 through 2013, respectively). With respect to the highest percentages of households with greater 
than 1 occupant per room, DeSoto County held that of 9.6% in year 2009, and Hardee County held that of 
9.1%, 8.0%, 8.4%, and 10.3% during years 2010 through 2013, respectively. Each year, the distribution of  
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Table 10. Univariate descriptive statistics of annual poverty rate, Florida counties, 2009-2013 
 
Variable Mean Min Max IQR Range Dev 25th 50th 75th 90th Skew Kurt 
09 Poverty Rate (per 100) 
10 Poverty Rate (per 100) 
11 Poverty Rate (per 100) 
12 Poverty Rate (per 100) 
13 Poverty Rate (per 100) 
8.1 
8.7 
8.9 
9.2 
9.1 
4.3 
5.4 
4.6 
4.7 
4.7 
14.0 
15.0 
14.9 
13.7 
15.3 
2.9 
2.9 
3.2 
3.1 
3.2 
9.6 
9.5 
10.3 
9.0 
10.5 
2.1 
2.2 
2.3 
2.2 
2.2 
6.5 
7.1 
7.0 
7.3 
7.4 
7.7 
8.3 
8.6 
9.1 
8.8 
9.4 
10.0 
10.2 
10.4 
10.6 
10.9 
12.1 
11.9 
12.6 
12.3 
0.6 
0.8 
0.6 
0.2 
0.4 
-0.0 
0.3 
-0.0 
-0.7 
-0.3 
 
 
Table 11. Univariate descriptive statistics of annual mean unemployment rate, Florida counties, 2009-2013 
 
Variable Mean Min Max IQR Range Dev 25th 50th 75th 90th Skew Kurt 
09 Mean Unemployment Rate (per 100) 
10 Mean Unemployment Rate (per 100) 
11 Mean Unemployment Rate (per 100) 
12 Mean Unemployment Rate (per 100) 
13 Mean Unemployment Rate (per 100) 
10.1 
10.9 
10.1 
8.7 
7.5 
5.8 
7.3 
6.3 
5.6 
4.8 
14.7 
14.0 
13.9 
12.8 
12.0 
2.2 
2.3 
1.8 
1.5 
1.6 
9.0 
6.7 
7.6 
7.2 
7.2 
1.9 
1.7 
1.5 
1.4 
1.3 
9.1 
9.9 
9.4 
8.0 
6.7 
10.4 
10.8 
10.0 
8.7 
7.4 
11.3 
12.2 
11.2 
9.5 
8.3 
12.3 
13.4 
12.3 
10.3 
9.0 
-0.0 
-0.1 
-0.0 
0.3 
0.6 
-0.2 
-0.6 
0.1 
0.7 
1.3 
 
 
Table 12. Univariate descriptive statistics of percentage of households > 1 occupant per room, Florida counties, 2009-2013 
 
Variable Mean Min Max IQR Range Dev 25th 50th 75th 90th Skew Kurt 
09 % of Houses > 1 Per Room 
10 % of Houses > 1 Per Room 
11 % of Houses > 1 Per Room 
12 % of Houses > 1 Per Room 
13 % of Houses > 1 Per Room 
2.4 
2.3 
2.6 
2.6 
2.7 
0.5 
0.2 
0.5 
0.6 
0.7 
9.6 
9.1 
8.0 
8.4 
10.3 
1.5 
1.8 
1.7 
1.7 
1.6 
9.0 
8.9 
7.5 
7.8 
9.6 
1.7 
1.5 
1.6 
1.5 
1.8 
1.4 
1.3 
1.5 
1.5 
1.7 
2.1 
2.0 
2.0 
2.1 
2.2 
2.9 
3.0 
3.2 
3.3 
3.3 
4.4 
3.7 
5.2 
4.6 
5.2 
2.3 
2.0 
1.6 
1.8 
2.2 
6.7 
6.2 
2.4 
3.4 
5.6 
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the percentage of households with greater than one occupant per room was leptokurtic and positively 
skewed. The mean percentage ranged between 2.3% in 2010 and 2.7% in 2013. Seventy-five percent of 
counties had percentages less than or equal to approximately 3% during over all years. The range of the 
interquartile range varied relatively little between a low of 1.5% in 2009 and a high of 1.8% in 2010. 
Bivariate Analysis: Unadjusted IRRs 
Year 2009. In 2009, no association was detected between the active TB incidence rate and the 
quantity of MFWs (IRR=1.0000; 95%CI=0.9998, 1.0003; p=0.7141) (see Table 13). However, the active TB 
incidence rate was positively associated with the annual poverty rate and the percentage of households with 
greater than one occupant per room. Specifically, the countywide incidence rate of active TB increased 1.12 
(95%CI=1.0028, 1.2404) times for every 1% increase in the poverty rate and 1.23 (95%CI=1.0749, 1.4166) 
times for every 1% increase in the percentage of households with greater than one occupant per room. 
Additionally, marginal statistical significance was detected with respect to the percentage of males 
(IRR=1.0658; 95%CI=0.9952, 1.1414; p=0.0689) and the percentage of African Americans (IRR=1.0197; 
95%CI=0.9971, 1.0428; p=0.0879).  
Year 2010. In 2010, a weak positive relationship was detected between the active TB incidence 
rate and the quantity of MFWs (IRR=1.0002; 95%CI=1.0000, 1.0004; p=0.041) (see Table 13). All other 
variables except for the percentage of Asians and the annual mean unemployment rate appeared to be 
positively related to the incidence of active TB. These were the percentage of males (IRR=1.0768; 
95%CI=1.0179, 1.1392), the percentage of African Americans (IRR=1.0388; 95%CI=1.0247, 1.0532), the 
percentage of Hispanics (IRR=1.0173; 95%CI=1.0037, 1.0311), the annual poverty rate (IRR=1.1392; 
95%CI=1.0500, 1.2359), and the percentage of households with greater than one occupant per room 
(IRR=1.2971; 95%CI=1.1676, 1.4409). 
Year 2011. The results of 2011 were similar to those of 2010, however, no association was detected 
between the active TB incidence rate and the quantity of MFWs (IRR=1.0001; 95%CI=0.9999, 1.0003; 
p=0.2108) (see Table 13). The following variables were positively associated with the dependent variable: 
the percentage of males (IRR=1.0648; 95%CI=1.0024, 1.1310), the percentage of African Americans 
(IRR=1.0349; 95%CI=1.0194, 1.0506), the percentage of Hispanics (IRR=1.0157; 95%CI=1.0030, 1.0287), 
the annual poverty rate (IRR=1.1439; 95%CI=1.0590, 1.2356), and the percentage of households with 
greater than one occupant per room (IRR=1.2384; 95%CI=1.1104 1.3812). 
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Table 13. Unadjusted incidence rate ratios (IRRs) of TB incidence against county-level risk factors, Florida counties, 2009-2013 
 
 2009 2010 2011 2012 
County-level risk factors IRR 95%CI p IRR 95%CI p IRR 95%CI p IRR 95%CI p 
Total MFWs 1.00 (1.00, 1.00) .714 1.00 (1.00, 1.00) .041* 1.00 (1.00, 1.00) .211 1.00 (1.00, 1.00) .486 
% of Males 1.07 (1.00, 1.14) .069† 1.08 (1.02, 1.14) .010* 1.06 (1.00, 1.13) .041* 1.08 (1.02, 1.15) .010* 
% of African Americans 1.02 (1.00, 1.04) .088† 1.04 (1.02, 1.05) .001* 1.03 (1.02, 1.05) .001* 1.03 (1.01, 1.05) .001* 
% of Hispanics 1.01 (0.99, 1.03) .367 1.02 (1.00, 1.03) .012* 1.02 (1.00, 1.03) .016* 1.01 (0.99, 1.02) .370 
% of Asians 0.91 (0.77, 1.07) .264 0.98 (0.86, 1.12) .805 1.02 (0.90, 1.16) .731 1.04 (0.91, 1.19) .569 
Poverty Rate 1.12 (1.00, 1.24) .044* 1.14 (1.05, 1.24) .002* 1.14 (1.06, 1.24) .001* 1.06 (0.96, 1.17) .274 
Mean Unemployment Rate 0.93 (0.82, 1.05) .240 1.00 (0.89, 1.13) .966 1.05 (0.93, 1.19) .433 1.03 (0.88, 1.20) .698 
% of Houses > 1 Per Room 1.23 (1.07, 1.42) .003* 1.30 (1.17, 1.44) .001* 1.24 (1.11, 1.38) .001* 1.15 (1.00, 1.32) .045* 
 
*Statistical significance where p < .05 
†Marginal statistical significance where .05 > p < .1 
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Table 13 (Continued) 
 2013 
County-level risk factors IRR 95%CI p 
Total MFWs 1.00 (1.00, 1.00) .050† 
% of Males 1.05 (0.98, 1.12) .203 
% of African Americans 1.03 (1.01, 1.05) .003* 
% of Hispanics 1.02 (1.00, 1.03) .018* 
% of Asians 1.13 (0.99, 1.29) .066† 
Poverty Rate 1.09 (0.99, 1.19) .066† 
Mean Unemployment Rate 1.05 (0.90, 1.23) .516 
% of Houses > 1 Per Room 1.15 (1.03, 1.28) .013* 
 
*Statistical significance where p < .05 
†Marginal statistical significance where .05 > p < .1 
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Year 2012. In 2012, no association was observed between the active TB incidence rate and the 
quantity of MFWs (IRR=1.0001; 95%CI=0.999, 1.0003; p=0.4858) (see Table 13). On the other hand, the 
percentage of males, the percentage of African Americans, and the percentage of households with greater 
than one occupant per room were positively associated with the incidence rate of active TB. Specifically, the 
countywide incidence rate of active TB increased 1.08 (95%CI=1.0188, 1.1476) times for every 1% increase 
in the percentage of males and 1.03 (95%CI=1.0116, 1.0488) times for every 1% increase in the percentage 
of African Americans. Every 1% increase in the percentage of households with greater than 1 occupant per 
room resulted in the countywide incidence rate of active TB increasing 1.15 (95%CI=1.0033, 1.3199) times.  
Year 2013. In 2013, marginal statistical significance was observed between the active TB 
incidence rate and the quantity of MFWs (IRR=1.0002; 95%CI=1.0000, 1.0004; p=0.0504) (see Table 13). 
The percentage of African Americans, the percentage of Hispanics, and the percentage of households with 
greater than one occupant per room were positively associated with the incidence rate of active TB. 
Specifically, the countywide incidence rate of active TB increased 1.03 (95%CI=1.0100, 1.0483) times for 
every 1% increase in the percentage of African Americans and 1.02 (95%CI=1.0028, 1.0300) times for every 
1% increase in the percentage of Hispanics. Every 1% increase in the percentage of households with greater 
than one occupant per room resulted in the countywide incidence rate of active TB increasing 1.15 
(95%CI=1.0304, 1.2832) times. Marginal statistical significance was also observed with respect to the 
following variables: the percentage of Asians (IRR=1.1305; 95%CI=0.9918, 1.2885; p=0.0662) and the 
annual poverty rate (IRR=1.0886; 95%CI=0.9944, 1.1918; p=0.0660). 
 
Geographic Analysis 
Choropleth Maps 
For years 2009 through 2013, counties with populations of MFWs less than 500 seemed to be 
concentrated in northern Florida, including the panhandle (see Figures 2-6). In contrast, counties with 
MFW populations greater than 500 seemed to be focused in central and southern Florida. The geographic 
distribution of MFW populations did not appear to vary considerably from one year to the next. With 
respect to the geographic distribution of active TB incidence rates, clear patterns seemed to emerge in years 
2009 and 2011. In both years, counties with no cases of TB were focused along the southern border of the 
panhandle, with few exceptions (see Figures 2 and 4). In central Florida incidence rates ranged between 0.1 
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and 2 cases per 100,000, and in southern Florida counties with incidence rates between 2.1 and 5 cases per 
100,000 seemed to be concentrated. Such patterns were less evident in years 2010 (see Figure 3), 2012 (see 
Figure 5), and 2013 (see Figure 6); however, one should note that counties with incidence rates greater than 
5 cases per 100,000, although sparse, consistently appeared in the panhandle as well as the Lake 
Okeechobee region of southern Florida across all years. 
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Measures of Spatial Autocorrelation 
Moran’s I. For years 2009 through 2013, Moran’s I indicated that the overall, geographic 
distribution of the data exhibited a clustering of counties with relatively small and large MFW populations 
(see Table 14). Regarding active TB incidence rates, however, Moran’s I lacked statistical significance across 
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all years, indicating that the observed geographic distribution of incidence rates in any given year was likely 
to be one of many possible versions of spatial randomness.151, 155 
 
Table 14. Moran's I (I) values of TB incidence rates and quantity of migrant farm workers (MFWs), 
Florida counties, 2009-2013 
 
 2009 2010 2011 2012 2013 
Variable I p I p I p I p I p 
TB Incidence Rate -0.021 .911 -0.033 .743 -0.027 .823 0.017 .473 -0.016 .987 
Quantity of MFWs 0.187 .001* 0.171 .001* 0.183 .001* 0.197 .001* 0.185 .001* 
 
*Statistical significance where p < .05 
 
Hot spot analyses. With respect to the quantity of MFWs, hot spot analyses indicated that a 
single hot spot, or cluster of counties with larger MFW populations, existed in southern Florida across all 
years of the study time period (see Figures 7-11). Conversely, a single cold spot, or cluster of counties with 
relatively smaller MFW populations, existed in northwest Florida and extended through the panhandle 
across all years. No such clusters of active TB incidence rates were statistically significant. 
 
Temporal Analysis 
Annual Time Plots 
TB case counts. Among all Florida counties there was a decrease in the reported number of active 
TB cases (see Figure 12) between 2009 and 2013. Specifically, the number of cases dropped from 696 in 
2009 to 605 in 2012 and remained approximately the same at 606 in 2013. The steepest decline took place 
between 2011 and 2012 where the case total dropped from 670 to 605. The total number of reported cases 
among counties with MFW population sizes less than the 90th percentile were consistently higher than those 
counties with sizes greater than the 90th percentile (see Figure 12). The case totals of the former group were 
the highest in 2009 (431) and remained relatively stable through 2012 before decreasing to 379 in 2013. 
Among counties with MFW population sizes greater than the 90th percentile, the greatest number of 
reported cases (271) occurred during 2010 (see Figure 12). During the 2010 and 2012 interval, the number 
of cases dropped to 192 before increasing to 227 in 2013. 
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TB incidence rates. Among all Florida counties the active TB incidence rate experienced a steady 
decline from 1.866 to 1.546 cases per 100,000 (see Figure 13) between 2009 and 2013. The steepest drop 
from 1.753 to 1.563 cases per 100,000 occurred during the 2011 to 2012 interval, and the incidence rates 
during 2012 and 2013 were approximately the same. Incidence rates among counties with MFW population 
sizes greater than the 90th percentile were consistent higher than those among counties with sizes less than 
90th percentile (see Figure 13). Among the former group, the incidence rate remained relatively equal across 
years 2009 and 2010 (2.340 and 2.364 cases per 100,000, respectively). Then, in 2012 it experienced a 
decrease to 1.612 cases per 100,000 where it approximated the incidence rate of counties with MFW 
population sizes less than the 90th percentile (1.541 cases per 100,000). The incidence rate then increased 
to 1.882 cases per 100,000 in 2013. Among counties with sizes less than the 90th percentile, incidence 
remained stable during the 2009 to 2012 time interval before decreasing to 1.397 cases per 100,000 in 2013 
(see Figure 13). 
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Quarterly Time Plots 
Crude TB case counts. Similar to the annual analyses, quarterly analyses of active TB case totals 
among all Florida counties suggested a slight decline in TB incidence over the 5-year study period (see 
Figure 14). The greatest number of cases was reported in the second quarter of 2009 (205), and the lowest 
number of cases was reported in the first quarter of 2012 (115). The peak number of cases was reported in 
the second quarter in years 2009 (205), 2010 (188), and 2012 (173); 2011 experienced a peak of 185 cases 
in the fourth quarter, and 2013 experienced a peak of 164 cases in the third quarter. One should also note 
that two plateaus were observed between the first (187) and second (188) quarters of 2010 and the second 
(161) and third (164) quarters of 2013. The lowest number of cases were reported in the first quarter in years 
2009 (153), 2012 (115), and 2013 (133); 2010 experienced a low of 143 cases in the fourth quarter, and 2011 
experienced a low of 145 cases in the third quarter. A single trough was observed between the third (168) 
and fourth (170) quarters of 2009. 
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Crude TB incidence rates. Quarterly analyses of active TB incidence rates among all Florida 
counties also suggested a slight decline in disease occurrence over the 5-year study period (see Figure 15). 
The highest incidence rate was reported in the second quarter of 2009 (0.550), and the lowest incidence 
rate in the first quarter of 2012 (0.297). Peak incidence rates were reported in the second quarter in years 
2009 (0.550), 2010 (0.500), and 2012 (0.447); 2011 experienced a peak of 0.484 cases per 100,000 in the 
fourth quarter and 2013 experienced a peak of 0.418 cases per 100,000 in the third quarter. Two plateaus 
were observed between the first (0.497) and second (0.5) quarters of 2010 and the second (0.411) and third 
(0.418) quarters of 2013. The lowest incidence rates were reported in the first quarter in years 2009 (0.41), 
2012 (0.297), and 2013 (0.339); 2010 experienced a low of 0.38 cases per 100,000 in the fourth quarter 
and 2011 experienced a low of 0.379 cases per 100,000 in the third quarter. A single trough was observed 
between the third (0.45) and fourth (0.456) quarters of 2009. 
Stratified TB case counts. Stratified, quarterly analyses of TB case totals demonstrated that 
counties with MFW population sizes less than the 90th percentile consistently reported more cases than 
those counties with sizes greater than the 90th percentile across the 5-years study period (see Figure 16). 
Among counties with MFW population sizes less than the 90th percentile, peak case totals were reported in 
the first quarter in years 2010 (112) and 2011 (122); the second quarter in years 2009 (126) and 2012 (122); 
and the third quarter in 2013 (105). One should note that case totals appeared relatively constant between 
the third quarter of 2009 and the third quarter of 2010. Among counties with MFW population sizes greater 
than the 90th percentile, peak case totals were reported in the second quarter in years 2009 (79), 2010 (81), 
and 2013 (68); the fourth quarter in 2011 (73); and the third quarter in 2012 (62). Three troughs appeared 
during the following time intervals: the third and fourth quarter of 2009; the third quarter of 2010 and the 
third quarter of 2011; and the fourth quarter of 2012 and first quarter of 2013. 
Stratified TB incidence rates. Stratified, quarterly analyses of active TB incidence rates 
demonstrated that counties with MFW population sizes greater than the 90th percentile consistently 
reported higher incidence rates than those counties with sizes less than the 90th percentile for years 2009 
through 2013 (see Figure 17). Among counties with MFW population sizes less than the 90th percentile, 
peak incidence rates were reported in the first quarter in years 2010 (0.428) and 2011 (0.461); the second 
quarter in years 2009 (0.485) and 2012 (0.455); and the third quarter in 2013 (0.387). One should note 
that incidence rates appeared relatively constant between the third quarter of 2009 and the third quarter  
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of 2010. Among counties with MFW population sizes greater than the 90th percentile, peak incidence rates 
were reported in the second quarter in years 2009 (0.697), 2010 (0.707), and 2013 (0.564); the fourth 
quarter in 2011 (0.62); and the third quarter in 2012 (0.52). Three troughs appeared during the following 
time intervals: the third and fourth quarter of 2009; the third quarter of 2010 and the third quarter of 2011; 
and the fourth quarter of 2012 and first quarter of 2013. 
 Monthly Time Plots 
Crude TB case counts. Monthly analyses of TB case totals among all Florida counties revealed 
four peaks during the months of May in 2009 (76) (see Figure 18), March in 2010 (75), December in 2011 
(73), and June in 2012 (67). In contrast, there were four notable drops in TB case totals in the months of 
January (38) and March (35) of 2012 and the months of January (35) and March (32) of 2013. Additionally, 
there appeared two periods of relative stability: between July of 2009 and February of 2010 where case 
totals fluctuated between 63 and 47 and between May of 2010 and November of 2011 where case totals 
fluctuated between 66 and 42. 
Crude TB incidence rates. Similar to the monthly analysis of TB case totals, the monthly 
analysis of active TB incidence rates among all Florida counties highlighted four peaks during the months 
of May in 2009 (0.204), March in 2010 (0.199), December in 2011 (0.191), and June in 2012 (0.173) (see 
Figure 19). In contrast, there were four notable drops in TB incidence rates in the months of January 
(0.098) and March (0.090) of 2012 and the months of January (0.089) and March (0.082) of 2013. 
Additionally, there appeared two periods of relative stability: between July of 2009 and February of 2010 
where incidence rates fluctuated between 0.169 and 0.125 and between May of 2010 and November of 2011 
where incidence rates fluctuated between 0.175 and 0.11. 
Stratified TB case counts. Monthly stratified analyses of TB case totals demonstrated that 
counties with MFW population sizes less than the 90th percentile consistently reported more cases than 
those counties with sizes greater than the 90th percentile across the 5-year study period (see Figure 20). 
Among counties with MFW population sizes less than the 90th percentile, TB case totals appeared to vary 
relatively consistently throughout the study time period with a few exceptions: two peaks occurred during 
June of 2012 (48) and October of 2013 (46). Additionally, two plateaus were observed: the first between 
May (44) and June (45) of 2009 and the second between January (40) and May (36) of 2011. Case totals 
also reached a noticeable low during the months of March (18) and May (18) in 2013. Among counties with  
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MFW population sizes greater than the 90th percentile, three prominent peaks occurred during the months 
of May (32) in 2009, April (34) in 2010, and December (32) in 2011. The lowest case total of 6 was reported 
in March of 2012. Also, there appeared to be two periods of relative stability: the first between May of 2012 
and November of 2011 and the second between April of 2012 and December of 2013. 
Stratified TB incidence rates. Monthly stratified analyses of active TB incidence rates 
suggested that counties with MFW population sizes greater than the 90th percentile consistently possessed 
higher incidence rates than counties with sizes less than the 90th percentile, particularly for years 2009 
through 2011 (see Figure 21). Among counties with MFW population sizes less than the 90th percentile, TB 
case totals appeared to vary relatively consistently throughout the study time period. Exceptions to this 
included two peaks during June of 2012 (0.18) and October of 2013 (0.17). Additionally, two plateaus 
occurred: the first between May (0.17) and June (0.17) of 2009 and the second between January (0.15) and 
May (0.14) of 2011. Case totals reached a prominent low during the months of March (0.17) and May (0.17) 
in 2013. Among counties with MFW population sizes greater than the 90th percentile, three peaks were 
observed during the months of May (0.28) in 2009, April (0.3) in 2010, and December (0.27) in 2011. The 
lowest incidence rate of 0.05 cases per 100,000 was reported in March of 2012. Analogous to the monthly 
stratified analysis of case totals, two periods of relative stability were noted: the first between May of 2012 
and November of 2011 and the second between April of 2012 and December of 2013. 
Seasonal Bar Charts 
Crude TB case counts. Seasonal analyses of active TB case counts among all counties 
demonstrated that more cases were reported in the non-transmission season as opposed to the 
transmission season during each year of the study time period (see Figure 22). The transmission season 
with the greatest number of TB cases (315) occurred in 2010 and that of 2012 experienced the lowest 
number of cases. With respect to the non-transmission season, the greatest number of cases occurred in 
2011, and the lowest TB case total occurred in 2013. During the 5-year study period, TB case totals in the 
transmission season appeared to decrease from 315 in 2010 to 250 in 2012 before increasing slightly to 259 
in 2013. 
Crude TB incidence rates. Transmission seasons in 2009 and 2010 experienced greater 
incidence rates of active TB than the non-transmission seasons (see Figure 23). In 2009, the incidence rate 
of the transmission season was 0.165 cases per 100,000 per month as opposed to 0.149 in the non- 
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transmission season. The gap was slightly larger in 2010 where the incidence rate of the transmission 
season was 0.168 cases per 100,000 per month as opposed to 0.141 in the non-transmission season. In the 
following years the incidence rates remained approximately the same. 
Stratified TB case counts. Among counties with MFW population sizes less than the 90th 
percentile, TB case totals were greater during the non-transmission season than the transmission season in 
years 2009 and 2010 (see Figure 24). Concerning counties with MFW population sizes greater than the 90th 
percentile, TB case totals were greater during the non-transmission periods across all years (see Figure 25).  
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With respect to the latter group, the largest gaps between seasons were experienced in 2011 and 2012: in 
2011 case total was 150 in the non-transmission season and 95 in the transmission season, and in 2012 the 
case total was 123 in the non-transmission season and 69 in the transmission season. Year 2010 was the 
sole year in which the case totals of both seasons were approximately equal, 137 and 134 cases in non-
transmission and transmission seasons, respectively. 
Stratified TB incidence rates. Among counties with MFW population sizes less than the 90th 
percentile, the transmission season experienced slightly larger incidence rates of active TB for years 2009 
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through 2014 (see Figure 26), however, incidence rates were relatively stable across all years of the study 
time period. Regarding counties with MFW population sizes greater than the 90th percentile, TB incidence 
rates were greater in the transmission season in years 2009, 2010, and 2013 (see Figure 27). The largest 
gap occurred in 2010 where the incidence rate of the transmission season was 0.234 cases per 100,000 per 
month as opposed to 0.171 cases per 100,000 per month in the non-transmission season. One should also 
note that active TB incidence rates experienced a noticeable decrease from 0.234 cases per 100,000 per 
month in 2010 to 0.116 cases per 100,000 per month in 2013 before rising to 0.176 cases per 100,000 per 
month in 2013. 
Seasonal Analysis 
Year 2009. In 2009, seasonality was not associated with the active TB incidence in the crude 
model consisting of all counties (p=0.164) (see Table 15). Similarly, no association was detected in the 
stratified model consisting of counties with MFW population sizes less than or equal to the 90 th percentile 
(p=0.293). However, in the stratified model composed of counties with MFW population sizes greater than 
the 90th percentile, seasonality experienced marginal statistical significance (IRR=1.16; 95%CI=1.00, 1.35; 
p=0.055). 
Year 2010. In 2010, seasonality was positively associated with the incidence rate of active TB in 
the crude model composed of all counties (IRR=1.36; 95%CI=1.04, 1.78; p=0.026) as well as the stratified 
model consisting of counties with MFW population sizes greater than the 90th percentile (IRR=1.75; 
95%CI=1.04, 2.97; p=0.037) (see Table 15). No association was detected among counties with MFW 
population sizes less than or equal to the 90th percentile (p=0.234). 
Year 2011. In 2011, seasonality was not associated with the incidence rate of active TB in neither 
crude nor stratified models, but it was marginally statistically significant among counties with MFW 
population sizes greater than the 90th percentile (IRR=0.83; 95%CI=0.68, 1.01; p=0.068) (see Table 15). 
Year 2012. In 2012, seasonality was not associated with the incidence rate of active TB in the 
crude model consisting of all counties (p=0.283), but marginal statistical significance was experienced 
among counties with MFW population sizes less than or equal to the 90th percentile (IRR=1.26; 
95%CI=0.96, 1.65; p=0.097) (see Table 15). Furthermore, seasonality was statistically significant and 
inversely associated with active TB incidence rates among counties with MFW population sizes greater than 
the 90th percentile (IRR=0.79; 95%CI=0.68, 0.91; p=0.001). 
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Table 15. Seasonal analysis of active TB incidence rates stratified by 90th pctl. of migrant farm workers (MFWs), Florida counties, 2009-2013 
 
  2009 2010 2011 
Model Type (n) Season IRR 95%CI p IRR 95%CI p IRR 95%CI p 
All Counties (67) Transmission 1.18 (0.93, 1.50) .164 1.36 (1.04, 1.78) .026* 1.04 (0.85, 1.27) .718 
 Non-Transmission 1.00 - - 1.00 - - 1.00 - - 
Counties < 90th pctl (61) Transmission 1.18 (0.87, 1.59) .293 1.18 (0.90, 1.56) .234 1.11 (0.86, 1.42) .426 
 Non-Transmission 1.00 - - 1.00 - - 1.00 - - 
Counties > 90th pctl (6) Transmission 1.16 (1.00, 1.35) .055† 1.75 (1.04, 2.97) .037* 0.83 (0.68, 1.01) .068† 
 Non-Transmission 1.00 - - 1.00 - - 1.00 - - 
 
*Statistical significance where p < .05 
†Marginal statistical significance where .05 > p < .1 
 
 
Table 15 (Continued) 
 
  2012 2013 
Model Type (n) Season IRR 95%CI p IRR 95%CI p 
All Counties (67) Transmission 1.13 (0.90, 1.42) .283 0.90 (0.69, 1.17) .418 
 Non-Transmission 1.00 - - 1.00 - - 
Counties < 90th Pctl (61) Transmission 1.26 (0.96, 1.65) .097† 0.83 (0.60, 1.16) .275 
 Non-Transmission 1.00 - - 1.00 - - 
Counties > 90th Pctl (6) Transmission 0.79 (0.68, 
0.91) 
.001* 1.21 (0.99, 1.48) .064
† 
 Non-Transmission 1.00 - - 1.00 - - 
 
*Statistical significance where p < .05 
†Marginal statistical significance where .05 > p < .1 
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Year 2013. In 2013, no associations were observed between seasonality and the active TB 
incidence rate in crude or stratified models, but marginal statistical significance did occur among counties 
with MFW population sizes greater than the 90th percentile (IRR=1.21; 95%CI=0.99, 1.48; p=0.064) (see 
Table 15). 
 
Multivariate Analysis: Adjusted IRRs 
Model Development 
Model choice. For each year during the study time period, evaluation of the Pearson dispersion 
statistic, changes in AIC statistics, and the results of boundary likelihood ratio tests indicated that a negative 
binomial model provided a better fit of the data than a Poisson model. For years 2009 through 2013, 
Pearson dispersion statistics for full Poisson models containing all variables were 4.41, 1.50, 1.91, 2.32, and 
1.46, respectively, all of which were moderate to severe indications of overdispersion. After switching to a 
negative binomial model, Pearson dispersion statistics were reduced to 1.60, 1.04, 1.21, 1.28, and 1.05 for 
years 2009 through 2013, respectively, and substantial improvements in AIC statistics for years 2009, 2011, 
and 2012 were observed. In 2009, the AIC statistic was reduced from 407.61 to 347.66 (-59.95). In 2011, a 
reduction from 306.91 to 297.35 (-9.56) occurred. In 2012, the AIC statistic was reduced from 326.66 to 
302.60 (-24.06). Slight improvements in the AIC statistic were noted for years 2010 (-5.56) and 2013 (-
2.95). Boundary likelihood ratio tests further demonstrated that negative binomial models were better fits 
of the data than Poisson models for years 2009 (χ2=61.95; p<0.001), 2010 (χ2=7.56; p=0.003), 2011 
(χ2=11.56; p<0.001), 2012 (χ2=26.05; p<0.001), and 2013 (χ2=4.95; p=0.013). 
Model selection. After following an all-subsets model selection algorithm, the final regression 
model for each year retained all independent variables. In addition to the quantity of MFWs, candidate 
models with the lowest AIC statistics contained the following variables: in 2009, the candidate model with 
the lowest AIC statistic of 340.94 contained the percentage of African Americans and the percentage of 
housing units with greater than one occupant per room. In 2010, the candidate model with the lowest AIC 
statistic of 290.19 included the percentage of males, the percentage of African Americans, and the 
percentage of housing units with greater than one occupant per room. In 2011, the candidate model with 
the lowest AIC statistic of 292.63 contained the percentage of males, the percentage of African Americans, 
the percentage of Hispanics, and the annual mean unemployment rate. In 2012, the candidate model with 
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the lowest AIC statistic of 300.00 contained the percentage of males, the percentage of African Americans, 
the percentage of Asians, the annual poverty rate, and the annual mean unemployment rate. In 2013, the 
candidate model with the lowest AIC statistic of 273.58 contained the percentage of males, the percentage 
of Asians, and the annual mean unemployment rate. Although the aforementioned candidate models 
reduced the AIC statistic of the full models in their respective years, they did not result in differences greater 
than 10, and as a result the final models included all independent variables. For years 2009 through 2013, 
the absolute value of the reductions in AIC statistics were 6.71, 4.81, 4.72, 2.60, and 4.20, respectively.  
After evaluating potential interaction terms with a combination of nested LRTs, goodness of fit 
tests, and outlier analyses, no interactions were included in the final models for any year during the study 
time period. Nested LRTs for years 2009 and 2012 did not indicate that any interaction terms improved 
model fit. In 2010, however, an interaction between the percentage of Asians and the percentage of housing 
units with greater than one occupant per room was statistically significant (χ2=5.75; p=0.017). Nevertheless, 
it was not included in the final model because it impaired overall model fit, as evidenced by a deviance 
goodness of fit test (χ2=77.30; p=0.038). In 2011, a nested LRT found two interaction terms to be 
statistically significant: the first between the percentage of Asians and the percentage of housing units with 
greater than one occupant per room, and the second between the percentage of African Americans and the 
percentage of housing units with greater than one occupant per room (χ2=5.75; p=0.017). However, 
according to the deviance goodness of fit test the addition of said interaction terms decreased overall model 
fit (χ2=84.40; p=0.006). Therefore, no interactions were included in the final 2011 model. In 2013, an 
interaction between the percentage of African Americans and the percentage of housing units with greater 
than one occupant per room was statistically significant (χ2=5.75; p=0.017), and according to the deviance 
goodness of fit test its inclusion did not result in a lack of model fit (χ2=72.13; p=0.085). However, upon the 
removal of Gadsden county, one of the outlying observations (h=0.43), the results of the nested LRT were 
no longer statistically significant; thus, the interaction term was not included in the final 2013 model. 
Model fit assessment. Little to no multi-collinearity was detected in any regression model, and 
deviance goodness of fit tests confirmed that the final models for all but one year were adequate fits of the 
data. The sole occurrence of multi-collinearity was detected in the final 2011 model in which the percentage 
of housing units with greater than one occupant per room experienced a VIF of 3.30 (see Table 16). Given 
its value was barely moderate, no remedial action was taken. Deviance goodness of tests demonstrated that 
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final models were properly fit for years 2009 (χ2=74.69; p=0.069), 2010 (χ2=63.76; p=0.281), 2011 
(χ2=71.44; p=0.111), and 2013 (χ2=72.93; p=0.090). For 2012, however, one should note that a marginal 
lack of fit was detected (χ2=76.96; p=0.049). This was presumed to be the result of an outlying observation, 
namely, Union County, as its deletion improved model fit (χ2=73.13; p=0.074).  
 
Table 16. Variance Inflation Factor (VIF) values of county-level risk factors of multivariate models, 
Florida counties, 2009-2013 
 
County-level risk factors 2009 2010 2011 2012 2013 
Total No. MFWs 1.57293 1.63074 1.65040 1.68095 1.65414 
% of Males 2.30039 2.53469 2.79681 2.56738 2.39038 
% of African American 1.46421 1.24347 1.29926 1.32351 1.29352 
% of Hispanics 2.60642 2.77481 2.74783 2.85129 2.66841 
% of Asians 1.98780 2.12420 2.18176 2.23228 2.20581 
Poverty Rate 2.27834 1.74929 2.44965 2.08072 2.02410 
Mean Unemployment Rate 1.56593 1.70707 1.71383 1.67044 1.60713 
% of Households > 1 Per Room 2.54466 2.46818 3.29349 2.76810 2.48794 
 
*VIF values were generated by utilizing a linear model in PROC REG. 
 
**VIF values are formal indications of multicollinearity. The VIF of a given variable is defined by 
𝑉𝐼𝐹 = 1 − 𝑅𝑘
2 where 𝑅𝑘
2 is the coefficient of multiple determination when said variable is regressed 
against all other independent variables in a model. 
 
Adjusted IRRs 
Year 2009. In 2009, no association was detected between the active TB incidence rate and the 
quantity of MFWs (IRR=1.0000; 95%CI=0.9998, 1.0003; p=0.8359) (see Table 17). However, a positive 
association was found between the active TB incidence rate and the percentage of households with greater 
than one occupant per room. Specifically, the countywide incidence rate of active TB increased 1.31 
(95%CI=1.0479, 1.6340) times for every 1% increase in the percentage of households with greater than one 
occupant per room. Marginal statistical significance was detected with respect to the percentage of African 
Americans (IRR=1.02; 95%CI=0.9972, 1.0509; p=0.0801). 
Outliers. Two outliers were detected in the 2009 model: Columbia County (di=3.48) and Sumter 
County (di=2.21). The exclusion of Columbia County from the final model resulted in a reduction of the IRR 
of the percentage of housing units with greater than one occupant per room from 1.31 to 1.16 and a loss of  
 
94 
 
Table 17. Adjusted incidence rate ratios (IRRs) of TB incidence against county-level risk factors, Florida counties, 2009-2013 
 
 2009 2010 2011 
County-level risk 
factors 
IR
R 95%CI p 
IR
R 95%CI p IRR 95%CI p 
Total MFWs 1.00 (1.00, 1.00) .836 1.00 (1.00, 1.00) .106 1.00 (1.00, 1.00) .995 
% of Males 1.00 (0.91, 1.11) .938 1.07 (1.00, 1.14) .065† 1.07 (0.99, 1.16) .083† 
% of African Americans 1.02 (1.00, 1.05) .080† 1.03 (1.02, 1.05) .001* 1.03 (1.01, 1.05) .001* 
% of Hispanics 0.99 (0.97, 1.02) .552 0.99 (0.98, 1.01) .309 1.01 (0.99, 1.02) .307 
% of Asians 0.91 (0.74, 1.11) .363 1.05 (0.94, 1.18) .402 1.08 (0.94, 1.23) .294 
Poverty Rate 0.92 (0.79, 1.08) .316 0.95 (0.87, 1.04) .240 0.98 (0.88, 1.09) .702 
Mean Unemployment Rate 0.94 (0.82, 1.07) .350 1.06 (0.96, 1.18) .241 1.14 (1.01, 1.29) .030* 
% of Houses > 1 Per Room 1.31 (1.05, 1.63) .018* 1.28 (1.07, 1.53) .006* 1.09 (0.87, 1.35) .455 
 
*Statistical significance where p < .05 
†Marginal statistical significance where .05 > p < .1 
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Table 17 (Continued) 
 
 2012 2013 
County-level risk 
factors IRR 95%CI p IRR 95%CI p 
Total MFWs 1.00 (1.00, 1.00) .450 1.00 (1.00, 1.00) .193 
% of Males 1.14 (1.06, 1.23) .001* 1.12 (1.03, 1.22) .008* 
% of African Americans 1.03 (1.00, 1.05) .018* 1.02 (0.99, 1.04) .161 
% of Hispanics 1.00 (0.98, 1.02) .787 1.01 (0.99, 1.02) .429 
% of Asians 1.17 (0.99, 1.37) .064† 1.25 (1.07, 1.46) .004* 
Poverty Rate 0.90 (0.80, 1.01) .081† 0.95 (0.85, 1.06) .385 
Mean Unemployment Rate 1.21 (1.03, 1.43) .018* 1.20 (1.03, 1.40) .020* 
% of Houses > 1 Per Room 1.08 (0.86, 1.36) .482 1.05 (0.88, 1.27) .572 
 
*Statistical significance where p < .05 
†Marginal statistical significance where .05 > p < .1 
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statistical significance from p=0.018 to p=0.137. The percentage of African Americans, however, continued 
to exhibit marginal statistical significance (p=0.051). One should also note that the removal of Columbia 
County improved model fit by reducing the AIC statistic from 347.69 to 324.10 (-23.59). Upon the removal 
of Sumter County, the percentage of African Americans gained statistical significance (IRR=1.03; 95%CI= 
1.00, 1.05; p=0.043); however, the AIC statistic did not experience a sizable reduction (-6.64). 
Year 2010. In 2010, the association between the active TB incidence rate and the quantity of 
MFWS bordered on marginal statistical significance (IRR=1.0001; 95%CI=1.0000, 1.0002; p=0.1060) (see 
Table 17). Positive associations with the active TB incidence rate were observed with the percentage of 
African Americans and the percentage of households with greater than one occupant per room. The 
countywide incidence rate of active TB increased 1.03 (95%CI=1.0196, 1.0496) times for every 1% increase 
in the percentage of African Americans and 1.28 (95%CI=1.0727, 1.5291) times for every 1% increase in the 
percentage of households with greater than one occupant per room. In addition to the quantity of MFWs, 
marginal statistical significance was detected with respect to the percentage of males (IRR=1.0655; 
95%CI=0.9961; 1.1397; p=0.0647). 
Outliers. Two outliers were observed in the 2010 model: Gadsden County (hi=0.50) and Hardee 
County (hi=0.40). Upon removal of the former, the percentage of males became statistically significant 
(p=0.045), and the AIC statistic also improved but not substantially (-5.49). Upon removal of the latter, the 
percentage of housing units with greater than one occupant per room experienced a loss of statistical 
significance (p=0.080). The AIC statistic was also reduced by an absolute value of 4.35. 
Year 2011. In 2011, no was association was observed with respect to the quantity of MFWs 
(IRR=1.0000; 95%CI=0.9998, 1.0002; p=0.9953) (see Table 17). On the other hand, the percentage of 
African Americans and the annual mean unemployment rate were positively associated the active TB 
incidence rate. Every 1% increase in the percentage of African Americans resulted in the countywide 
incidence rate of active TB increasing 1.03 (95%CI=1.0131; 1.0495) times. The countywide incidence rate of 
active TB increased 1.14 (95%CI=1.01, 1.29) times with every 1% increase in the annual mean 
unemployment rate. Marginal statistical significance was observed with respect to the percentage of males 
(IRR=1.0722; 95%CI=0.9910, 1.1600; p=0.0827). 
Outliers. The following six counties were identified as outliers in the 2011 model: Miami-Dade 
(hi=0.74), Duval (di=2.17; hi=0.29), Hillsborough (hi=0.53), Orange (hi=0.40), Osceola (hi=0.38), and Leon 
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(hi=0.37). Upon the individual removal of Miami-Dade, Duval, and Leon counties, the annual mean 
unemployment rate became marginally statistically significant, and the AIC statistic was reduced by an 
absolute value of 9.095, 14.01, and 4.41, respectively. Upon the individual removal of Hillsborough, Orange, 
and Osceola counties, the percentage of males gained statistical significance and exhibited the following 
IRRs: after removal of Hillsborough County the IRR was 1.08 (95%CI= 1.00, 1.17); after removal of Orange 
County the IRR was 1.08 (95%CI= 1.00, 1.18); and after removal of Osceola County the IRR was 1.08 
(95%CI= 1.00, 1.17). AIC statistics were also reduced by an absolute value of 8.38, 7.89, and 5.88, 
respectively. 
Year 2012. In 2012, no relationship was observed between the active TB incidence rate and the 
quantity of MFWs (IRR=1.0001; 95%CI=0.9999, 1.0003; p=0.4502) (see Table 17). Three variables were 
positively associated with the incidence rate of active TB: the percentage of males, the percentage of African 
Americans, and the annual mean unemployment rate. The countywide active TB incidence rate increased 
by 1.14 (95%CI=1.0601, 1.2284) times for each 1% increase in the percentage of males and 1.03 
(95%CI=1.0046, 1.0502) times for each 1% increase in the percentage of African Americans. For every 1% 
increase in the annual mean unemployment rate the countywide active TB incidence rate increased by 1.21 
(95%CI=1.0338, 1.4272) times. Marginal statistical significance was detected with respect to the percentage 
of Asians (IRR=1.1655; 95%CI=0.9912, 1.3704; p=0.0639) and the annual poverty rate (IRR=0.8982; 
95%CI=0.7961, 1.0134; p=0.0811). 
Outliers. Three counties were identified as outliers in the 2012 model: Duval (di=3.13; hi=0.30), 
Union (di=2.10; hi=0.35), and Miami-Dade (hi=0.68). Upon removal of Duval county, two variables gained 
statistical significance: the annual poverty rate (p=0.039) and the percentage of Asians (p=0.015). Also, 
although the percentage of males remained statistically significant, its IRR experienced a 10.9% reduction 
from 1.14 to 1.02. Notably, the AIC statistic was reduced by an absolute value of 25.71. The removal of Union 
county resulted in a loss of statistical significance for the percentage of males (p=0.320) and the percentage 
of African Americans (p=0.052). Model fit was also improved as evidenced by an absolute reduction of the 
AIC statistic by 9.72 and the results of the deviance goodness of fit test (χ2=73.13; p=0.074). The removal 
of Miami-Dade County also resulted in a loss of statistical significance for the percentage of African 
Americans (p=0.056); however, the percentage of Asians gained statistical significance (IRR=1.24; 
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95%CI=1.02, 1.50; p=0.031). Additionally, model fit was improved as indicated by an absolute reduction of 
the AIC statistic by 10.28. 
Year 2013. In 2013, no association was observed between the active TB incidence rate and the 
quantity of MFWs (IRR=1.0001; 95%CI=0.9999, 1.0003; p=0.1935) (see Table 17). The following variables 
were positively associated with the incidence rate of active TB: the percentage of males, the percentage of 
Asians, and the annual mean unemployment rate. Each 1% increase in the percentage of males was 
associated with an increase in the countywide active TB incidence rate of 1.12 (95%CI=1.0294, 1.2177) times. 
The countywide incidence rate of active TB increased by 1.25 (95%CI=1.0726, 1.4553) times with every 1% 
increase in the percentage of Asians and 1.20 (95%CI=1.0297, 1.3984) times with every 1% increase in the 
annual mean unemployment rate. 
Outliers. Six counties were identified as outliers in the 2013 model: Gadsden (di=2.44; hi=0.40), 
Union (hi=0.31), Leon (di=2.39), St. Lucie (di=2.56), Duval (hi=0.33), and Alachua (hi=0.45). The 
percentage of African Americans gained statistical significance following the individual removal of Gadsden 
(IRR=1.0250; 95%CI=1.0033, 1.0472; p=0.023) and Leon counties (IRR=1.0215; 95%CI=1.0018, 1.0416; 
p=0.032). In the case of the former the AIC statistic was reduced slightly by an absolute value of 4.72 and 
in the case of the latter by 7.46. The percentage of males experienced a loss of statistical significance after 
the individual removal of Union and Leon counties, and the removal of Union County reduced the AIC 
statistic by an absolute value of 3.59. Finally, the individual removal of Leon, St. Lucie, Duval, and Alachua 
Counties caused the annual mean unemployment rate to lose statistical significance. The removal of the 
latter three resulted in absolute reductions of the AIC statistic by 13.14, 9.70, and 4.34 respectively.  
Forest Plots 
Quantity of MFWs. Over the course of the 5-year study period, there was little variation among 
the IRRs of the quantity of MFWs, and none of the IRRs were statistically significant (see Figure 28).  
Percentage of males. Regarding the percentage of males, no associations were observed during 
the first three years of the study time period, but positive associations were detected in years 2012 and 2013 
(see Figure 29). The IRR remained fairly constant across both years, being the highest during 2012 
(IRR=1.1411; 95%CI=1.0601, 1.2284) before experiencing a slight decrease in 2013 (IRR=1.1196; 
95%CI=1.0294, 1.2177).  
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Percentage of African Americans. The percentage of African Americans was not associated 
with the incidence rate of active TB during 2009, but positive associations were identified during the 
following three years before once more losing statistical significance in 2013 (see Figure 30). During years 
2010, 2011, and 2012, the IRRs remained relatively constant at 1.0345 (95%CI=1.0196, 1.0496), 1.0311 
(95%CI=1.0131, 1.0495), and 1.0272 (95%CI=1.0046, 1.0502), respectively.  
 
 
 
Percentage of Hispanics. With respect to the percentage of Hispanics, little variation was 
observed among IRRs across the entire study period, and no statistically significant associations were 
observed (see Figure 31).  
Percentage of Asians. The only year in which an association between the active TB incidence 
rate and the percentage of Asians was observed was that of 2013 (IRR=1.2494; 95%CI=1.0726, 1.4553) (see 
Figure 32). One should note that despite a lack of statistical significance in years 2009 through 2012, there 
did appear to be an overall increase among IRRs over the entire study period.  
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Annual poverty rate. With respect to the annual poverty rate, little variation was observed 
among IRRs across the entire study period, and no statistically significant associations were observed (see 
Figure 33). 
 
 
 
Annual mean unemployment rate. Concerning the annual mean unemployment rate, no 
associations with the incidence rate of active TB were detected during 2009 and 2010, however, statistically 
significant positive associations were found in the remaining years (see Figure 33). Specifically, the IRR 
experienced a slight increase from 1.1429 (95%CI=1.013, 1.2894) in 2011 to 1.2147 (95%CI=1.0338, 1.4272) 
in 2012 and remained relatively constant at 1.2 (95%CI=1.0297, 1.3984) in 2013. Although years 2009 and 
2010 were not statistically significant, there did appear to be a steady increase among IRRs between 2009 
and 2012.  
Percentage of households greater than one occupant per room. Regarding the percentage 
of households with greater than one occupant per room, positive associations were observed in years 2009 
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(IRR=1.3085; 95%CI=1.0479, 1.6340) and 2010 (IRR=1.2807; 95%CI=1.0727, 1.5291) during which IRRs 
remained relatively stable (see Figure 34). There was a slight decrease as well as a loss of statistical 
significance in 2011, and no associations were observed in the years that followed.  
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CHAPTER FOUR: 
DISCUSSION 
 
Geographic Results 
In light of choropleth maps and various measures of spatial autocorrelation examining the 
geographic distribution of active TB incidence rates and MFW populations, the clustering of counties with 
both large and small MFW populations did not appear to have any influence on the distribution of TB 
occurrence. Choropleth maps depicting the annual distribution of MFW populations across the 5-year study 
period indicated that counties with greater numbers of MFWs were located in central and southern Florida 
(see Figures 2-6). The apparent pattern was subsequently confirmed by the Moran’s I (see Table 14), and 
hot spot analyses pointed to a cluster of counties with relatively large MFW populations appearing in 
southern Florida and a cluster of counties with relatively small MFW populations appearing in the 
panhandle and northern Florida (see Figures 7-11). Such patterns were less evident, however, with respect 
to the distribution of active TB incidence rates. No clear spatial trends seemed to emerge in years 2010, 
2012, and 2013, but in 2009 and 2011 the incidence of active TB seemed to increase among counties that 
were located further south. In fact, in 2011 all counties with no reported cases of active TB were located 
exclusively in the pan handle or in northern Florida, and this was nearly the case in 2009. The same could 
not be said for the distribution of high incidence counties, however. Although both years had counties with 
incidence rates ranging between 2.1 and 5.0 cases per 100,000 focused in central Florida and counties with 
incidence rates greater than 5 cases per 100,000 concentrated in southern Florida, notable exceptions did 
exist. In 2009, two of three counties with greater than 5 cases per 100,000 were located in Northern Florida: 
these were the counties of Columbia and Calhoun with 15.6 and 13.6 cases per 100,000, respectively. In 
2011, three of four counties with greater than 5 cases per 100,000 were located in Northern Florida: these 
were the counties of Union, Calhoun, and Lafayette with incidence rates of 13.1, 6.8, and 5.7 cases per 
100,000, respectively. Subsequent analyses of incidence rates involving Moran’s I and Getis and Ord's G-
statistic did not identify any statistically significant global or local trends beyond that which could be 
 
106 
 
considered random. Thus, the strong clustering of counties with both large and small MFW populations 
and the lack thereof with respect to active TB incidence rates did not adequately support the notion that the 
two were geographically associated.  
The apparent trend regarding the distribution of MFW populations is consistent with and likely 
related to the distribution of major field crops and agricultural activities throughout the state of Florida. A 
number of Florida’s major field crops, namely citrus, vegetables, and sugarcane, are located in central and 
southern regions of the state. Florida is the leading supplier of the nation’s oranges and grapefruits, and the 
largest producers of citrus fruits are the counties of Polk, Hendry, Hardee, Indian River, and St. Lucie.178 
Florida is also the 2nd leading producer of vegetables in the US, and vegetable farming primarily takes place 
in the central and southern regions of the state, particularly south of Lake Okeechobee where the drainage 
of the Everglades has left exceptionally rich soil.178 Sugarcane production is also concentrated near the Lake 
Okeechobee region.178  Moreover, in 2009, 59.0% (1,136,486 acres) of all field crop acreage in the state of 
Florida was located in the 16 counties constituting that year’s hot spot of relatively large MFW populations, 
and this figure was nearly 3.75 times larger than the amount of field crop acreage located in the 26 counties 
making up that year’s cold spot. In 2010, 42.1% (1,079,217 acres) of Florida’s field crop acreage was located 
in the 12 counties comprising the year’s hot spot – approximately 2.2 times greater than all field crop 
acreage found in the 25 counties of the cold spot. In 2011, 55.9% (1,297,616 acres) of the state’s field crop 
acreage was situated within the 16 counties of that year’s hot spot, and this figure was 2.8 times greater than 
all field crop acreage in the 27 counties of that year’s cold spot. In 2012, 47.6% (1,155,223 acres) of Florida’s 
field crop acreage was located within the 16 counties of the year’s hot spot, which was about 1.6 times greater 
than all field crop acreage found within the 29 counties of the cold spot. In 2013, 51.9% (1,309,696 acres) 
of field crop acreage in the state of Florida was located within the 16 counties comprising that year’s hot 
spot, and this figure was 1.8 times greater than all field crop acreage located in the 29 counties comprising 
the cold spot. And finally, in terms of the value of agricultural products sold in 2012, nine of the top ten 
counties were located in central and southern Florida.178 These were the counties of Palm Beach ($999 mil), 
Miami-Dade ($604 mil), Hendry ($499 mil), Hillsborough ($378 mil), Polk ($350 mil), Manatee ($298 
mil), Highlands ($273 mil), Okeechobee ($257 mil), and Orange ($262 mil).178  
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Temporal Results 
 Time Plots 
Active TB case totals. Not surprisingly, annual, quarterly, monthly, and seasonal time plots 
demonstrated that counties with MFW populations less than the 90th percentile consistently experienced 
more cases of active TB than counties with MFW populations greater than the 90th percentile. There were 
two exceptions: in April of 2010 the TB case total of the former group was 34 compared to 30 of the latter 
group, and in May of 2013 the TB case total was 23 compared to 18, respectively (see Figure 20). Higher 
case totals among counties with MFW populations less than the 90th percentile was most likely due to the 
large number of counties comprising the group. Sixty-one counties comprised this group during years 2009 
through 2012 and 60 counties in 2013. Although counties with MFW populations greater than the 90th 
percentile consisted of fewer counties, they were consistently responsible for a large fraction of the 
statewide total of TB cases. For example, during years 2009 through 2013, the percentage of cases that was 
reported annually among said counties was 38.1%, 39.4%, 36.6%, 31.8%, and 37.5%, respectively (see 
Figure 12). Similar trends can be noted among quarterly, monthly and seasonal plots. The large proportion 
of active TB cases stemming from 6 or 7 counties with relatively large MFW populations highlighted a 
possible association between the two. However, such figures did not account for differences in the 
underlying PAR between counties that were below and above the 90th percentile – a limitation that was 
resolved by comparing incidence rates. 
Active TB incidence rates. In contrast to case totals, incidence rates of active TB were 
consistently higher among counties with MFW populations greater than the 90th percentile, indicating that 
said counties actually produced more cases per 100,000 persons.  For example, in years 2009 through 2013, 
incidence rates among this group were 2.340, 2.364, 2.082, 1.612, and 1.881 cases per 100,000 as opposed 
to 1.659, 1.591, 1.607, 1.541, and 1.397 cases per 100,000 among counties with MFW populations less than 
the 90th percentile, respectively (see Figure 13). Although this trend was apparent throughout all time plots, 
exceptions did exist: quarterly analyses showed higher incidence rates among counties with MFW 
populations less than the 90th percentile during the first and second quarters of 2012 (see Figure 17). 
Monthly analyses demonstrated that such exceptions existed in September 2009; July and December 2010; 
February and April 2011; February, March, May, June, October, and November 2012; and September and 
October 2013 (see Figure 21). With respect to seasonal analyses, counties with MFW populations less than 
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the 90th percentile experienced a higher incidence rate solely during the transmission season of 2012 (see 
Figure 26). Higher incidence rates among counties with relatively large MFW populations supported the 
hypothesis that a connection existed between this demographic and enhanced transmission within the 
broader community. However, other confounding influences may have induced the apparent relationship. 
Unfortunately, county-specific, risk factor data from original data sources was not available at scales less 
than annual intervals. 
Secular trends. Annual, quarterly, and monthly time plots demonstrated that active TB case 
totals and incidence rates among all counties steadily decreased during the 5-year study time period. 
Moreover, the steady decrease in incidence rates between 2010 and 2012 was largely due to the reduced 
incidence of active TB among counties with MFW populations greater than the 90th percentile during the 
same time interval. This was most apparent in the annual time plot in which incidence rates in the 
aforementioned group declined from 2.364 cases per 100,000 in 2010 to 1.612 cases per 100,000 in 2012 
while incidence rates among counties with MFW populations less than the 90th percentile remained 
relatively stable (see Figure 13). The sharpest decrease in the annual incidence rate among all counties 
occurred between years 2011 and 2012, and once again this coincided with the sharpest decrease in the 
annual incidence rate among counties with MFW populations greater than the 90th percentile. Quarterly 
and monthly analyses revealed that much of the reduction in TB occurrence among counties with MFW 
populations greater than the 90th percentile during this period was experienced in the months of January, 
February, and March where case totals were 12, 12, and 8 and incidence rates were 0.100, 0.100, and 0.050 
cases per 100,000, respectively (see Figures 20 and 21). Seasonal time plots also indicated that incidence 
rates among all counties steadily decreased between 2010 and 2012 for both transmission and non-
transmission seasons alike, although the transmission season experienced a steeper decrease from 0.168 
cases per 100,000 in 2010 to 0.129 cases per 100,000 in 2012 (see Figure 23). Once again, majority of the 
decrease in both seasons during this time period was the result of reduced incidence rates occurring in 
counties with MFW populations greater than the 90th percentile. From 2010 to 2012, incidence rates in the 
transmission season decreased from 0.234 to 0.116 cases per 100,000 among counties with MFW 
populations greater than the 90th percentile as opposed to a decrease from 0.138 to 0.135 cases per 100,000 
among counties with MFW populations less than the 90th percentile (see Figure 27); meanwhile, incidence 
rates in the non-transmission season decreased from 0.171 to 0.148 cases per 100,000 among counties with 
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MFW populations greater than the 90th percentile as opposed to a decrease from 0.128 to 0.124 cases per 
100,000 among counties with MFW populations less than the 90th percentile (see Figure 26). The reason 
for the reduced incidence of active TB among counties with MFW populations greater than the 90th 
percentile between years 2010 and 2012, particularly with respect to the transmission season, is unknown 
and may be the result of targeted intervention strategies in such geographies. Nonetheless, the impact of 
said counties once more emphasizes the crucial role that MFW populations appear to play in terms of the 
broader transmission of active TB. 
Cyclic trend. Quarterly and monthly time plots pointed to a potential cyclic pattern in which the 
occurrence of TB among all counties peaked during the spring and early summer, especially among those 
counties with larger MFW populations. Specifically, quarterly time plots demonstrated that the incidence 
rate of active TB among all counties peaked during the second quarter, that is, the months of April, May, 
and June, of years 2009, 2010, and 2012 (see Figure 15). In 2013, the second quarter experienced the second 
highest incidence rate (0.411 cases per 100,000) behind that of the third quarter (0.418 cases per 100,000). 
On the same token, the incidence rate of the second quarter in 2010 (0.500 cases per 100,000) was nearly 
surpassed by that of the first quarter (0.497 cases per 100,000). 2011 was an atypical year in which a short-
term fluctuation with a peak incidence rate of 0.484 cases per 100,000 occurred during the fourth quarter 
– primarily as a result of increased incidence among counties with MFW populations greater than the 90th 
percentile (see Figures 17 and 21). Once incidence rates were stratified by counties with MFW populations 
below and above the 90th percentile, those above continued to experience peak incidence rates in a cyclic 
manner during the second quarter of years, 2009, 2010, and 2013 (see Figure 17). In years 2011 and 2012, 
incidence rates during the second quarter were the second highest behind those of the fourth and third 
quarters, respectively. With respect to those counties with MFW populations below the 90th percentile, a 
cyclic pattern was less apparent. Incidence rates peaked during the second quarter only in years 2009 and 
2012 (see Figure 17); in years 2010 and 2011, incidence rates peaked during the first quarter, although rates 
remained relatively stable throughout 2009. Monthly time plots were informative in terms of identifying 
influential months during potential cyclic periods. Among counties with MFW populations greater than the 
90th percentile, peak incidence rates occurred in the months of May during the cyclic period of 2009 and 
April during the cyclic period of 2010 and 2013 (see Figure 21). Although neither prominent nor consistent 
across the 5-year study time period, quarterly and monthly time plots suggested that the incidence of active 
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TB followed a cyclic pattern in which rates escalated during the spring and early summer, particularly 
among counties with relatively large MFW populations. This pattern was interrupted during 2011 in which 
the incidence of TB among counties with larger MFW populations peaked in December. In turn, the sudden 
onset of cases appeared to disturb the cyclic trend for 2012 before recovering 2013. Nonetheless, the cyclic 
trend indicated by years 2009, 2010, and 2013 may have been the result of MFWs reaching their peak 
numbers prior to spring during February and March and then assuming the role of a reservoir for TB in the 
broader community in the months that followed. For this reason, seasonal plots were utilized to further 
compare TB incidence rates between transmission and non-transmission seasons. 
Among all counties, the incidence rates of the transmission season were approximately equal to 
those of the non-transmission season during years 2011, 2012, and 2013 (see Figure 23). The largest 
differences appeared during years 2009 and 2010 where incidence rates in the transmission season were 
higher. Specifically, in 2009, the incidence rate of the transmission season was 0.165 cases per 100,000 
compared to 0.149 cases per 100,000 in the non-transmission season; in 2010, the incidence rate of the 
transmission season was 0.168 cases per 100,000 compared to 0.141 cases per 100,000 in the non-
transmission season. Among counties with MFW populations greater than the 90th percentile, incidence 
rates in the transmission season exceeded that of the non-transmission season in years 2009 (0.212 versus 
0.183 cases per 100,000), 2010 (0.234 versus 0.171 cases per 100,000), and 2013 (0.176 versus 0.143 cases 
per 100,000) (see Figure 27). In years 2011 and 2012, however, incidence rates in the non-transmission 
season were higher, a finding supported by the former time plots. Concerning counties with MFW 
populations less than the 90th percentile, incidence rates in the transmission season were slightly greater 
than those of the non-transmission season in years 2009 through 2012, however, the differences were 
relatively small, rendering the rates between seasons in all years approximately equal (see Figure 26). 
Seasonal plots seemed to confirm the observation that counties with larger MFW populations experienced 
cyclic patterns of active TB incidence during the spring and early summer. Crude and stratified regression 
models were utilized in order to test this observation more rigorously. 
Seasonal Analysis 
In light of the results of crude and stratified regression models comparing seasonal TB incidence 
rates against seasonality, an association between active TB incidence and seasonality appeared to exist 
among counties with MFW populations greater than the 90th percentile – albeit the nature of this 
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relationship was unclear and inconsistent. Among counties with MFW populations greater than the 90th 
percentile, seasonality was statistically significant during years 2010 and 2012 (see Table 15); however, the 
direction of its association with the incidence rate of active TB was variable. In 2010, the incidence rate was 
1.75 (95%CI=1.04, 2.97) times greater in transmission season than the non-transmission season, but in 
2012 the incidence rate decreased by 21% (IRR=0.79; 95%CI=0.68, 0.91) in the transmission season. 
Similar discrepancies were observed for the remaining years in which marginal statistical significance was 
detected. Point estimates indicated that a positive association may have existed between the transmission 
season and TB incidence in years 2009 (IRR=1.16; 95%CI=1.00, 1.35; p=0.055) and 2013 (IRR= 1.21; 
95%CI= 0.99, 1.48; p=0.064), but in 2011 results indicated an inverse association (IRR=0.83; 95%CI=0.68, 
1.01; p=0.068). There were several explanations for such discrepancies: first, changes in the temporal 
migration patterns of MFWs during years 2012 and possibly 2011 may have resulted in increased incidence 
of active TB during time periods outside of the transmission season, as defined by this study. Secondly, the 
transmission of TB in the broader community may have been influenced by the seasonal migration patterns 
of MFWs, however, other confounders that had a seasonal component and were not included in the model 
may have distorted the relationship between the two. Unfortunately, sub-annual data regarding the known 
ecological risk factors measured in the multivariate analysis were not available from original data sources 
and could not be factored into the seasonal analysis. Third, the transmission of TB in the broader 
community may not have bene influenced by the seasonal migration patterns of MFWs, and any observed 
relationships between seasonality and TB occurrence were solely the result of other confounders that varied 
seasonally and were not represented in the model. In the absence of any annual-specific data concerning 
the temporal migration patterns of MFWs as well as any sub-annual data related to known ecological risk 
factors, the lack of a clear, consistent pattern of association between TB incidence and seasonality 
throughout the 5-year study period provided inconclusive evidence that the seasonal migration patterns of 
MFWs influence the transmission of TB in the broader communities that they occupy. 
Among counties with MFW populations less than the 90th percentile, seasonality was not 
statistically significant for any year in the 5-year study period (see Table 15), suggesting that counties with 
relatively smaller MFW populations did not experience temporal patterns of disease occurrence across 
transmission and non-transmission seasons, as defined by this investigation. Among all counties, year 2010 
was the only one in which seasonality was associated with the incidence rate of active TB. Specifically, the 
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incidence rate was 1.36 (95%CI=1.04, 1.78) times greater in transmission season than the non-transmission 
season. Given seasonality was not associated with the incidence rate among counties with MFW populations 
less than the 90th percentile of the same year, this was likely the result of the strong relationship that existed 
among counties with MFW populations greater than the 90th percentile. In other words, the seasonal gap 
in incidence rates among counties with relatively large MFW populations was so great that it overcame any 
residual confounding resulting from collapsing all counties into a single group and was thus realized in the 
crude analysis. 
 
Multivariate Results 
Quantity of MFWs 
Although bivariate analyses indicated that the quantity of MFWs was associated with active TB 
incidence rates in 2010 and almost so in 2013 (see Table 13), these relationships lost statistical significance 
after adjustment for known ecological risk factors (see Table 17), and no associations were found at any 
point during the 5-year study period. Thus, there was insufficient evidence to conclude that MFW 
populations served as reservoirs of TB transmission in the broader communities that they occupy. Although 
TB is known to be a major health concern within MFW populations, the lack of transmission to the broader 
community may be due to the lack of any prolonged, intimate contact between MFWs and the general 
public. For one, the transient nature of their lifestyle prevents long-term, persistent residence in any one 
location. Secondly, MFWs tend to work and reside together in migrant camps and ethnic enclaves.179 Third, 
cultural isolation and fear of deportation due to their undocumented status causes many MFWs to retreat 
into the communities where they live and work, further minimizing interaction with the broader public.179 
As a result, their prolonged contact with one another poses a much greater threat to members within the 
community as opposed to members outside the community. 
One should note a peculiar feature of the results indicating that further modelling may be necessary 
in order to adequately quantify the association between the quantity of MFWs and active TB incidence rates 
among Florida counties. Specifically, the confidence intervals of IRRs between the two variables were 
exceptionally narrow across all years, the largest of which occurred in 2009 and possessed a range of 0.0005 
(IRR=1.0000; 95%CI=0.9998, 1.0003). According to Shilane, Evans, and Hubbard (2010), this is common 
in negative binomial models in which sample sizes are relatively small and the variable in question is highly 
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dispersed,180 as was the case in this investigation. In years 2009 through 2013, the mean quantity of MFWs 
among all counties was 403.3, 363.9, 362.9, 363.5, and 350.3 while its variance was approximately 602,176, 
490,420, 475,962, 450,375, and 435,600, respectively (see Table 5); the distribution of other independent 
variables, however, did not display the same degree of overdispersion (see Tables 6-12). When the sample 
size is comparatively small and a given variable is highly dispersed, a narrow confidence interval is the result 
of the sampling distribution of the point estimate failing to approximate the normal distribution, which is 
typically utilized in the construction of confidence intervals within generalized linear models.180 Although 
alternate methods of confidence interval construction and normalization are available, most exist within a 
regression framework and do not address the fundamental reason for overdispersion that may remain even 
after the implementation of a negative binomial model. In the case of this study, the large degree of 
dispersion of the distribution of MFW population sizes was likely the result of inconspicuous 
autocorrelation existing between counties. In other words, the quantity of MFWs in any given county was 
not entirely independent of the quantity of MFWs in every other county; on the contrary, counties with 
larger MFW populations were likely to be nearer to one another, and indeed this was supported by the 
results of Moran’s I and hot spot analyses (see Table 14 and Figures 7-11). In order to treat autocorrelation 
embedded within such independent variables, future investigations could employ an autocorrelation model 
utilizing an eigenfunction decomposition algorithm, available in SAS 9.4 software using PROC 
AUTOREG.167, 181 In so doing, any autocorrelation existing between county observations would be modelled 
using a weighted, spatially-dependent matrix and more accurate IRRs would be computed.167 
Demographic Variables 
Percentage of males. The results of multivariate analyses in tandem with outlier analysis 
indicated that the percentage of males was related to active TB incidence rates during majority of the 5-year 
study period. Unadjusted estimates demonstrated that the percentage of males was positively associated 
with active TB incidence rates during years 2010 (IRR=1.0768; 95%CI=1.0179, 1.1392), 2011 (IRR=1.0648; 
95%CI=1.0024, 1.1310), and 2012 (IRR= 1.03; 95%CI=1.0116, 1.0488), and nearly so in year 2009 
(IRR=1.0658; 95%CI=0.9952, 1.1414; p=0.0689) (see table 13). Multivariate analyses indicated that 
positive associations were present only in years 2012 (IRR=1.14; 95%CI=1.0601, 1.2284) and 2013 
(IRR=1.12; 95%CI=1.0294, 1.2177), while marginally significant associations occurred in years 2010 
(IRR=1.0655; 95%CI=0.9961; 1.1397; p=0.0647) and 2011 (IRR=1.0722; 95%CI=0.9910, 1.1600; 
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p=0.0827) (see Table 17). Conversely, following the individual removal of outliers, positive associations and 
statistical significance was gained in years 2010 and 2011 while a loss of statistical significance was 
experienced in years 2012 and 2013. The relationship between counties with greater percentages of males 
and those with higher active TB incidence rates is not surprising given that males have been known to 
acquire the disease more frequently.182, 183 
Racial/ethnic variables. With respect to racial/ethnic variables, multivariate analyses of years 
2009 through 2013 demonstrated that counties with greater percentages of African Americans and Asians, 
especially the former, experienced elevated rates of active TB incidence. Concerning the percentage of 
African Americans, one may argue that positive associations with active TB incidence rates were present all 
throughout the study time period. For one, bivariate analyses demonstrated statistically significant, positive 
associations during all years except 2009 in which case the relationship was marginally significant 
(IRR=1.02; 95%CI=1.00, 1.04; p=0.088) (see Table 13). After adjustment for other ecological risk factors, 
the percentage of African Americans was positively associated in only 3 of the 5 years: 2010 (IRR=1.03; 
95%CI=1.02, 1.05), 2011 (IRR=1.03; 95%CI=1.01, 1.05), and 2012 (IRR=1.03; 95%CI=1.00, 1.05). However, 
it continued to be marginally significant in year 2009 (IRR=1.02; 95%CI=1.00, 1.05; p-=0.08) (see Table 
17) while bordering on marginal significance in year 2013 (IRR=1.02; 95%CI=0.99, 1.04; p=0.161). The lack 
of statistical significance observed in these years may have been the result of outliers influencing the model. 
Specifically, the percentage of African Americans gained statistical significance proceeding the individual 
removal of Sumter County in 2009 (IRR=1.03; 95%CI= 1.00, 1.05; p=0.043) and the removal of Gadsden 
(IRR=1.0250; 95%CI=1.0033, 1.0472; p=0.023) and Leon (IRR=1.0215; 95%CI=1.0018, 1.0416; p=0.032) 
counties in 2013. Although the removal of outlying counties in 2012 resulted in a loss of statistical 
significance for the percentage of African Americans, it did retain marginal significance. Thus, even in 
instances where the adjusted IRRs of the percentage of African Americans were not statistically significant, 
they were more or less marginally so, and these relationships acquired significance after the removal of 
outlying observations. Similar phenomena were observed with respect to the percentage of Asians near the 
end of the study time period. Although unadjusted estimates demonstrated that no associations with active 
TB incidence rates existed between years 2009 and 2013, year 2013 did experience marginal statistical 
significance (IRR=1.13; 95%CI=0.99, 1.29; p=0.066) (see Table 13). Following adjustment, year 2013 
gained statistical significance (IRR=1.25; 95%CI=1.07, 1.46) while marginally significant results were 
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observed in year 2012 (IRR=1.17; 95%CI=0.99, 1.37; p=0.064) (see Table 17). After removing outlying 
counties, however, the results of 2012 became statistically significant. Regarding the percentage of 
Hispanics, although unadjusted estimates indicated that the percentage of Hispanics was positively 
associated in years 2010 (IRR=1.02; 95%CI=1.00, 1.03), 2011 (IRR=1.02; 95%CI=1.00, 1.03), and 2013 
(IRR=1.02; 95%CI=1.00, 1.03) (see Table 13), adjusted estimates indicated that no such relationship existed 
during any year in the 5-year study period (see Table 17). Furthermore, these results did not change even 
after the evaluation of outliers. 
The elevated incidence rates among counties with larger fractions of minority populations observed 
in this investigation is consistent with the finding of previous studies,32, 33, 34, 35, 36, 37 but the lack of 
association with Hispanic populations is somewhat peculiar. In an ecological study of 7,018 census tracts 
in the state of California between January 1, 1993 and December 31, 2002, the incidence of pediatric cases 
of TB, a standard proxy for recently acquired infections, was associated with the percentage of African 
Americans, Hispanics, and Asians in both a full, multivariate model as well as one consisting solely US-born 
citizens.34 In the full, multivariate model, IRRs for the percentage of African Americans, Hispanics, and 
Asians were 1.19 (95%CI=1.14, 1.23), 1.25 (95%CI=1.12, 1.40), and 1.22 (95%CI=1.14, 1.30), respectively; 
among US-born citizens they were 1.27 (95%CI=1.22, 1.33), 1.38 (95%CI=1.20, 1.58), and 1.18 (95%CI=1.08, 
1.28), respectively.34 Similarly, a nationwide study by Cantwell et al. (1994) determined that TB rates among 
Hispanics, African Americans, and Asian/Pacific Islanders in the US were 5.5, 8.0, and 11.5 times greater 
than those among whites between 1985 and 1992.36 Historically, a number of theories have been proposed 
to explain the disproportionate occurrence of TB among racial/ethnic minorities. These include differences 
in body weight, chest size, blood type, and skin color affecting vitamin D absorption.35, 184, 185, 186 Although 
mycobacterial susceptibility has been linked to genetic differences,184, 187, 188, 189 racial/ethnic minority 
groups are also social constructs closely associated with numerous factors that deleteriously affect health 
status and are difficult to measure and model, such as various lower SES, lack of access to health care, and 
institutional racism.33, 34, 35 Such minority groups also tend to live urban centers with elevated rates of the 
disease,34 and a portion of racial and ethnic minorities represent immigrants who originate from countries 
with higher baseline rates of TB infection.  
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Socioeconomic Variables 
In light of the multivariate results of socioeconomic variables, the annual mean unemployment rate 
appeared to be the most often associated with active TB incidence rates throughout the 5-year study period 
while weaker arguments could be made for the annual poverty rate and the percentage of households with 
greater than one occupant per room. With respect to the annual mean unemployment rate, unadjusted IRRs 
did not experience statistical significance throughout the 5-year study period (see Table 13). Following 
adjustment, however, positive associations were detected in years 2011 (IRR=1.14; 95%CI=1.01, 1.29), 2012 
(IRR=1.21; 95%CI=1.0338, 1.4272), and 2013 (IRR=1.20; 95%CI=1.0297, 1.3984) (see Table 17). After 
removing potential outliers from models in years 2011 and 2013, the annual mean unemployment rate lost 
statistical significance although it remained marginally significant in 2011. Regarding the annual poverty 
rate, unadjusted estimates showed it was positively associated with active TB incidence rates during years 
2009 (IRR=1.12; 95%CI=1.00, 1.24), 2010 (IRR=1.14; 95%CI=1.05, 1.24), and 2011 (IRR=1.14; 
95%CI=1.06, 1.24) while marginal statistical significance was observed in 2013 (IRR=1.09; 95%CI=0.99, 
1.19) (see Table 13). The results of multivariate analyses, on the other hand, demonstrated that no 
associations were present during the 5-year study period, although marginal statistical significance was 
experienced in 2012 (IRR=0.8982; 95%CI=0.7961, 1.0134; p=0.0811) (see Table 17). After the removal of 
an outlying county in the 2012 model, the annual poverty rate acquired statistical significance (p=0.039). 
Pertaining to the percentage of households with greater than one occupant per room, unadjusted estimates 
demonstrated a positive association in years 2009 (IRR=1.23; 95%CI=1.0749, 1.4166), 2010 (IRR=1.2971; 
95%CI=1.1676, 1.4409), 2011 (IRR=1.2384; 95%CI=1.1104 1.3812), 2012 (1.15; 95%CI=1.0033, 1.3199), and 
2013 (1.15; 95%CI=1.0304, 1.2832) (see Table 13). After adjustment positive associations remained only in 
years 2009 (IRR=1.3085; 95%CI=1.0479, 1.6340) and 2010 (IRR=1.2807; 95%CI=1.0727, 1.5291), and 
those of the other years lost statistical significance (see Table 17). After outliers were individually removed 
from the model, however, the associations observed in years 2009 and 2010 became null, indicating that 
may have merely been the result of extreme observations exerting influence on the model and not reflective 
of real trends inherent in the data. 
The relationship between TB and lower SES is a complex one involving many mechanisms and 
causal pathways. While certain aspects, such as crowded housing, may increase the risk of exposure to 
airborne bacilli,35, 190 others suppress one’s immunological status and increase the probability of infection 
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leading to disease.42, 191 In particular, inadequate diet, poor housing conditions, and physical and 
psychological stress are all known to suppress immunity and are closely associated with poverty.192, 193, 194 
In an effort to operationalize and quantify this complex construct, ecologic studies of TB generally resort to 
one of two methods: first, studies may include multiple variables aimed at measuring different features of 
SES, such as the percentage of individuals living in poverty,35, 40 median household income, unemployment 
rates,34, 35, 38, 39 or various measures of crowded living conditions. One should note that since many aspects 
of SES lack standardized definitions,46 any one feature of SES is often measured differently across various 
studies. For example, with respect to household crowding, ecologic studies have defined the variable in a 
number of ways: the percentage of households with greater than one person per room;37, 38, 40, 42 the 
percentage of households with greater than 1.5 persons per room;37 the proportion of households with 2 or 
more occupants per sleeping room;33 the percentage of households with greater than 3, 4, or 5 persons per 
room;48 the proportion of households with a bedroom deficit of one or more;46 the mean number of persons 
divided by the mean number of bedrooms in each ecological unit;39 the mean number of person per room;45 
the mean persons per household;43, 50 and the median number of persons per room per household.35 The 
second method of operationalizing SES utilizes indices that combine all such independent measures into a 
single, cumulative score or tier.42, 195, 196, 197 
Although a variety of definitions and measurement methods exist, the majority of ecologic studies 
are consistent with the results of this investigation indicating that lower SES is associated with TB 
occurrence. Specifically, these studies have included measures such as the percentage of individuals living 
in poverty,35, 39, 40, 41 unemployment rates,35, 37 and various measures of crowded living conditions.33, 35, 37, 38, 
39, 40, 42, 43, 44, 45, 46, 47, 48, 49, 50 For example, in an ecological study of New York City in which 5,482 census block 
groups were examined between years 1984 and 1992, household crowding, here defined as the mean 
number of persons divided by the mean number of bedrooms in each block group, was associated with TB 
incidence.39 In particular, the incidence rate of TB increased by 1.33 times (95%CI=1.27, 1.39) for every 0.5 
increase in persons per bedroom, and positive associations were also found with respect to the percentage 
of those living below the federal poverty line (IRR=1.33; 95%CI=1.30, 1.36) and under half the federal 
poverty line (IRR=1.46; 95%CI=1.42, 1.51). In another an ecological study of US zip codes during years 1987 
through 1993, household crowding, here defined as the median number of persons per room per household, 
was associated with TB incidence.35 Specifically, incidence rates in zip codes with a median number of 
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persons per room per household above the fourth quartile were 1.7 times greater than those in zip codes 
with a median number of persons per room per household below the first quartile. Positive associations 
were also detected with respect to the percentages of unemployed and those living below the poverty level. 
With respect to the former, elevated incidence rates were observed when comparing the 4th (IRR=1.2), 3rd 
(1.1), and 2nd (1.1) quartiles with the 1st. In regards to the latter, elevated incidence rates were observed 
following comparisons of the 4th (IRR=1.5), 3rd (1.3), and 2nd (1.2) quartiles with the 1st. Such results have 
also been observed in other developed countries.37, 38, 42, 43, 44, 45, 46, 47 For example, an ecological study of 
1,860 census area units (CAUs) in New Zealand between years 2000 and 2004 found that household 
crowding, here defined as the proportion of households with a bedroom deficit of one or more, was 
associated with TB incidence (IRR=1.05; 95%CI=1.04, 1.12).46 
Often in studies where multiple measures of SES are utilized, some measures generally exhibit 
statistical significance while others do not, as was also the case in this investigation. For example, in a study 
by Cantwell et al. (1998), none of the quartiles of median household income were statistically significant 
although those related to poverty and unemployment were.35 Similarly, in the study by Myers et al. (2006), 
the percentage of those unemployed failed to be statistically significant (IRR=1.02; 95%CI=0.97, 1.08) 
while median household was statistically significant (IRR=1.62; 95%CI=1.48, 1.78).34 Yet again, in a study 
by Holgrave and Crosby (2004), the percentage of those living in poverty lacked statistical significance while 
income inequality did not.41 The reasons for such discrepancies or inconsistencies between studies may be 
due to one or more factors including multi-collinearity, variations in measurement methods between 
studies, unique transmission dynamics between study locations and/or time periods, limitations inherent 
in the ecological study design, and a lack of control for potential confounders.46 Thus, although lower 
socioeconomic conditions indeed appear to facilitate TB transmission, the exact nature and importance of 
such conditions is uncertain. 
 
Limitations 
Measurement of the Primary Independent Variable 
Perhaps the chief limitation of this investigation relates to the estimation of MFW population sizes 
in each county. Unfortunately, no single data source offers definitive, county-specific estimates of the sizes 
of MFW populations, and existing estimation methods are encumbered by a number of drawbacks, 
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rendering them somewhat dubious at best. For one, the NAWS collects data from those involved in field 
crop agriculture and neglects other agricultural industries such as livestock and aquaculture.119, 198 Thus, 
some proportion of MFWs were not accounted for in the analysis, and the results may have been biased by 
systematic differences in the number of MFWs involved in such industries between Florida counties. 
Secondly, during years 2009 through 2012, the NAWS collected data from 596 farm workers throughout 
the state of Florida (Trish Hernandez, personal communication, October 5, 2015). Given that anywhere 
between 150,000 to 200,000 MFWs travel back and forth from Florida each year, the representativeness 
of the data is doubtful even in light of sampling weights used to correct population estimates. Third, there 
is a lack of temporal coincidence between the NAWS and the study time period of this investigation. Given 
the survey period of the NAWS does not include 2013, MFW population estimates reflect the demographic 
composition and work trends for only the first four years of the study time period. Furthermore, due to the 
limited sample size of NAWS surveys, the DOL Division of Research and Evaluation suggests that 
population estimates from the NAWS be based on data collected over years 2009 through 2012 as a whole. 
As a result, the proportion of MFWs and the mean number of weeks worked in farm work were effectively 
assumed to remain constant throughout the study time period, obscuring temporal variation in MFW 
population sizes from one year to the next. Fourth, county-level, MFW population estimates derived from 
the QCEW and NAWS involved a mixture of figures from different spatial scales. For example, the number 
of weeks worked by HFWs in a given year, which was county-specific information derived from the QCEW, 
was divided by the average number of weeks worked by HFWs and later multiplied by the percentage of 
MFWs, both of which were statewide specific estimates derived from the NAWS. In other words, regional 
level information, which ignored variation at the county-level, was applied to county-level data in order to 
further obtain county-level information. As a result, the county-level estimates of the number of MFWs 
were either overestimated or underestimated in the direction of the regional estimates, causing them to be 
become more similar. This would have obscured any association that existed between the incidence of TB 
and the relative abundance of MFWs and indeed driven IRRs toward the null. 
Measurement of the Dependent Variable 
 Limitations related to the measurement of TB incidence and its relationship to SES may have also 
impeded the results. For one, connections between ecological risk factors and the transmission of TB are 
often difficult to establish due to the relatively long incubation period of TB.34 Indeed, in some cases 
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infection with TB has been known to remain latent for up to 30 years before the manifestation of clinical 
disease.199 Thus, with respect to the present study, the county-specific totals case totals of each year may 
have included a mix of recently acquired active infections as well as active infections acquired long ago by 
different means, thus impeding the connection between the presence of MFWs and recent community 
transmission. In order to solve this issue the occurrence of TB in children as opposed to adults is frequently 
used by health departments as a surrogate for TB transmission.34 Since children have comparably shorter 
incubation periods limited by the length of their lifespan, a greater proportion of TB cases among children 
are likely to be the result of more recent transmission and primary disease.34 Despite the apparent 
usefulness of this measure, only a limited number of studies have examined the association between 
ecological risk factors and pediatric cases of TB,34, 40 and the present study may benefited from doing so. 
The measurement of TB incidence may have also been impaired by the systematic difference in case 
detection between county populations of higher and lower SES. Those of lower SES generally experience a 
lack of access to the healthcare system, and as a result they are underrepresented in reporting figures. If 
counties with larger MFW populations also possessed larger populations of those with a lower SES, then a 
relationship between MFW populations and TB incidence would have been more difficult to detect due to 
the underreporting of cases among such groups. 
Model Construction 
Multivariate models may have been improved or built upon in several ways, particularly regarding 
their assumptions, model specification algorithm, and exogenous variables. A key assumption of negative 
binomial regression and most generalized linear models relates to the independence of observations that 
comprise the sample. In other words, the observations of each member in the sample should not influence 
the observations of other members, and this did not appear to be the case in the present study. Although 
county-specific, active TB incidence rates did not appear to be correlated across space, the same cannot be 
said for MFW population sizes (see Figures 7-11). Thus, relationships between variables may have been 
better modelled by using models designed to handle such autocorrelation between counties.167, 181 Beyond 
model choice, model development may have been improved by enforcing less conservative thresholds early 
on during the all-subsets model selection algorithm. For example, candidate models of differing 
combinations of independent variables could have been selected if they reduced the AIC statistic of the full 
model with all independent variables by 6 units or more as opposed to 10. Doing so would have permitted 
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a greater variety of candidate models to be compared in subsequent analyses examining secondary 
interactions, and models with a better fit than the full model may have surfaced. Finally, model construction 
may have been further improved by including more potential confounders in the model, thereby explaining 
excess variation in the outcome between counties and possibly improving IRRs. For instance, the 
occurrence of TB has been known to occur more frequently in immunosuppressed populations, particularly 
among those infected with HIV/AIDS.200, 201, 202, 203, 204 Thus, including county-level percentages of persons 
infected with HIV/AIDS in the model may have improved the results. Similarly, the inclusion of the 
percentage of foreign born persons in each county may have improved the validity of the results.29, 205, 206 
However, the CPS, which routinely estimates the number of foreign born among US counties, does not 
provide estimates of foreign born populations for counties with relatively small total populations. In 
addition to main effect terms, the inclusion of more secondary interaction terms, such as those occurring 
between overcrowding, socioeconomic indicators, and/or race/ethnicity, which have been noted in other 
ecologic investigations of TB,35, 37 may have highlighted additional instances of effect modification and 
increased the validity of IRRs. 
 
TB Prevention and Control in MFW Populations 
Although the present investigation does not establish a connection between MFW populations and 
TB transmission in the broader community, TB transmission remains a critical problem within MFW 
communities. In the absence of attention and resources focused on prevention and control, the 
hyperendemic presence of TB in MFW populations not only impedes elimination of the disease in the US, 
but also represents a source of potential future epidemics in communities at large. In order to reduce the 
burden of TB among MFWs and break the potential chain of transmission involving the larger community, 
there are several unique aspects to TB prevention and control that must be taken into consideration: 
screening programs; continuity of care; improved economic, housing and living conditions; increased 
funding for MFW health clinics; and the cultural competence public health professionals.  
Screening Programs 
In order to increase the likelihood of appropriate follow-up and completion of chemotherapeutic 
regimens, the CDC as well as other public health researchers have recommended that the screening of those 
at greatest risk of infection should take place within the relative stability of migrants’ home base sites.8, 27, 
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60 Health fairs may represent an effective means of bringing TB screening measures to MFW populations, 
particularly in family housing centers.17 In a population-based prevalence study of Hispanic residents from 
two northern California MFW family-housing centers between July 1995 and September 1995, 296 of 669 
residents (44%) participated in tuberculin skin tests.17 Additionally, TB screening programs should double 
efforts on high risk populations within MFW populations such as all persons from countries where the 
baseline risk of TB is relatively high.207 Other high-risk subpopulations may include those who are foreign-
born or male.19, 23  
Continuity of Care 
New systems are necessary in order to ensure the continuity of care, particularly regarding 
chemoprophylaxis treatment, after MFWs have moved from one location to another for work purposes.27 
Ongoing communication must take place between migrant health centers and state and local health 
departments. For those MFWs that follow a predictable itinerary, compliance rates may be improved if 
health establishments make arrangements ahead of time to organize appropriate follow-up care near future 
work locations.17, 60 
Improved Economic and Living Conditions 
Historically, the prevalence of TB has declined in tandem with improved working and living 
conditions as opposed to the rise of chemotherapy.208 Thus, in order to reduce the risks associated with TB 
in the US, efforts should be made to improve the economic and living conditions of MFWs,27 particularly 
regarding the quantity of living space, the number of rooms per person and ventilation quality. Increasing 
and improving housing conditions for high risk farmers may also facilitate their contact with the public 
health system and prevention programs.17 
Funding of MFW Health Clinics 
TB control and surveillance activities among MFW populations could be greatly enhanced by 
additional funding for MFW healthcare facilities, which are capable of traversing the many linguistic, 
cultural and logistical challenges presented by this unique population.20, 21, 60 According to Ciesielski (1994), 
many county health departments neglect to prioritize the health needs of MFW populations.20 This may be 
due to the fact that county health departments are extensions of local government, and growers tend to be 
politically powerful figures in counties with large numbers of MFWs.20 However, many local migrant health 
clinics frequently employ bilingual personnel of the same culture as MFWs, and these staff tend to be more 
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knowledgeable than county health department employees about the living and working conditions of farm 
workers.20 With increased funding, enhanced TB control and surveillance programs could be easily 
integrated into the many existing outreach programs that migrant health clinics operate.20 
Cultural Competence 
Finally, public health professionals at local health departments must cultivate cultural competence 
in order to navigate the cultural, ethnic, and linguistic nuances of working with the MFW population. 
Specifically, healthcare institutions targeting MFW populations have experienced a degree of success with 
the implementation of health promoters,18, 209, 210, 211 otherwise known as community health workers, 
indigenous health aides, or lay health advisors.18 These are “culture brokers,” or personnel of the same 
linguistic and cultural background equipped with both classroom and on-the-job training.18, 212, 213 In two, 
cross-sectional studies of 407 and 436 MFWs from migrant camps in Orleans and Monroe counties in 
northwest New York state during the summer of 1994 and 1995, 843 of 853 (98.8%) participants screened 
for TB returned for follow-up due to the diligence and rapport building on part of health promoters.18 The 
implementation of health promoters among local health departments would equip such institutions to 
better respond to the collection of unique health needs presented by MFW populations. 
Model Programs 
In prior decades, two notable prevention programs were established which highlight successful 
implementations of the recommendations discussed above. In 1984 and 1985, a collaborative project aimed 
at implementing primary, secondary, and tertiary prevention measures among MFWs was initiated by 
healthcare providers in eastern and western Virginia.28 TB testing clinics were established throughout the 
eastern and northwestern shores where MFWs aggregated, and all health services were provided during 
non-work hours by physicians, field epidemiologists, nurses, and x-ray technicians from the Virginia 
Department of Health Tuberculosis Control Program.28 Transportation and interpretative services were 
supplied by local and state advocacy groups. During the two year pilot program, 12.7% of the estimated 
9,962 farm workers received skin tests and 12 active cases of TB were detected. Approximately 400 MFWs 
received preventative therapy with isoniazid.28 Substantial efforts were made to obtain accurate follow-up 
information, including the collection of travel itineraries, winter addresses, and relatives’ addresses, and all 
medical results were recorded on farm workers’ health cards and forwarded to local health departments 
located in individuals’ future travel destinations.28 Additionally, farm workers were encouraged to report to 
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state health clinics, show their health cards, and request follow-up services.28 In another study conducted 
among 413 MFWs of Berks County, Pennsylvania, between July 1995 and July 1996, an effective program 
was established resulting in 100% treatment compliance among an undisclosed number of participants who 
were treated for active TB disease.15 In addition to local public health screenings and weekly follow up by 
outreach workers, participants were afforded follow-up care even when they returned to their international 
home-base in Guanajuato, Mexico.15 This was the result of the first successful binational agreement 
regarding the epidemiologic intervention and medical treatment of TB and STDs between the Instituto 
Nacional de Salud Publica of Mexico, the CDC, the Health and Human Services Office of Minority Health, 
and the Pennsylvania Department of Health – a program known as the GUAPA project.15, 214 Eventually, the 
GUAPA project evolved into TB Net, a TB referral and tracking system that continues to bridge case 
management services across international boundaries, share demographic and clinical patient data, and 
sustain treatment compliance in mobile, underserved populations such as MFWs.15, 214, 215 To this day TB 
Net operates under the Migrant Clinicians Network located in Austin, Texas.15, 215 All such programs 
highlight creative and effective means of improving TB prevention and control among MFW populations. 
 
Conclusion 
TB has been one of the deadliest and most widespread diseases scourging humankind throughout 
human history, especially in LDCs but also in developed nations where ongoing progress relies on 
understanding the unique transmission dynamics in areas where the disease persists. A collection of US 
studies compiled over the last 40 years points to MFW populations as a major, high-risk subpopulation, 
however, their role in disease transmission within the broader community has been poorly understood. To 
this end an ecological study was undertaken which examined 67 Florida counties between January 1, 2009 
and December 31, 2013. Specifically, its aims were to (1) to describe the demographic, geographic, and 
temporal distribution of active TB incidence rates, (2) to examine the effect of agriculturally relevant 
seasonal periods on the incidence of active TB, and (3) to quantify the relationship between the incidence 
of active TB and the quantity of MFWs while adjusting for known ecological risk factors.  
Data was obtained from a total of eight secondary data sources and preliminary analyses began 
with univariate and bivariate statistics. In order to illustrate the geographic distribution of active TB 
incidence rates, choropleth maps were generated and measures of spatial autocorrelation were computed 
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for both the dependent and primary independent variables. The temporal distribution of active TB 
incidence was examined by graphical methods on annual, quarterly, monthly, and seasonal bases, and 
regression modelling with repeated measures examined the relationship between active TB incidence and 
agriculturally relevant seasonal. Finally, a series of multivariate, negative binomial regression models were 
utilized in order to determine the strength and direction of the association between the incidence of active 
TB and the quantity of MFWs over the 5-year study period.  
Although no geographic patterns of active TB incidence existed on the county scale, across all years 
a cluster of counties with relatively large MFW populations existed in southern Florida while a cluster of 
counties with smaller MFW populations existed in northern Florida and in the panhandle – the likely result 
of the distribution of major field crops and agricultural activities throughout the state of Florida. Temporal 
analyses showed that active TB case totals and incidence rates among all counties steadily decreased during 
the 5-year study period, and counties possessing larger MFW populations seemed to be responsible for the 
bulk of this trend. Furthermore, counties with relatively larger MFW populations seemed to follow a cyclic 
pattern in which rates increased during the spring and early summer, which was consistent with known 
MFW migration patterns, however, one should note this seasonal pattern was neither consistent nor 
prominent across the entire 5-year study period and possibly biased due to potential confounders not 
represented in the model. With respect to multivariate regression analyses, associations between active TB 
incidence and the quantity of MFWs were not identified at any point during the 5-year study period. 
However, the results were consistent with those of prior studies in that relationships were detected between 
TB incidence, demographic variables, and socioeconomic variables. 
In lieu of standard, reliable data sources reporting MFW numbers in the state of Florida, future 
inquiries into this phenomena would benefit from improved estimation methods. Also, future modelling 
may be better handled by spatial autocorrelation models due to the lack of independence between county 
observations, and finer spatial scales below the county-level should be examined. Moving forward, although 
there was insufficient evidence to conclude that MFW populations played a role in the broader community 
transmission of TB, the disease remains highly problematic within MFW populations of the US, and 
measures should be taken to reduce their burden as well as the potential risk of transmission to surrounding 
communities. Such measures might include screening programs of high-risk subpopulations; developing 
collaborative systems between healthcare institutions to ensure the continuity of care; improving working, 
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housing, and living conditions among MFWs; increasing funding and support for local migrant health 
clinics; and investing in the cultural competence public health professionals. Meeting the health needs of 
MFW communities not only empowers them to live quality, productive lives, but also serves the interests of 
the greater community who might otherwise be at risk as a result of their plight.  
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Permission to use Table 1 of Joseph M. Hilbe’s table regarding AIC significance levels is provided on the 
Cambridge University website: http://www.cambridge.org/about-us/rights-permissions/permissions/ 
Permissions 
If you wish to reproduce excerpts from a Cambridge book or 
journal (text extracts, figures, etc.) in another publication you 
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Permissions Request Form. 
Cambridge University Press grants permission freely for the reproduction in another work of 
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APPENDIX B:  
PERMISSION TO USE DATA/IRB EXEMPTION 
 
Johnston, Lori A. <Lori.Johnston@flhealth.gov> 
| 
To: 
Ortega, Ryan;  
Cc: 
Jacob, Benjamin;  
Fri 6/12/2015 10:41 AM 
 
TB Data_2010-2014.xlsx2 MB 
 
Download  
Save to OneDrive - University of South Florida (Health) 
Good morning Ryan, 
Attached is an Excel file containing all data elements collected on pulmonary cases reported between 
2010 – 2014.   This is the complete dataset which should allow you to retrieve the specific data you’re 
interested in.   If you have any questions please contact me. 
Lori Johnston 
TB Surveillance Manager 
Bureau of Communicable Diseases, TB Control Section 
Florida Department of Health 
8515 N. Mitchell Ave, Tampa, FL  33604 
Phone: (813) 307-8015 ext. 4771 
Cell: (813) 299-1295 
Fax: (850) 921-9906 
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DOH Mission: To protect, promote and improve the health of all people in Florida through integrated 
state, county and community efforts. 
**Please Note: Florida has a very broad public records law.  Most written communications to or from state officials regarding state 
business are public reocrds available to the public and media upon request.  Your email communications may therefore be subject 
to public disclosure. 
 
OR 
Ortega, Ryan 
| 
To: 
Johnston, Lori A. <Lori.Johnston@flhealth.gov>;  
Cc: 
Jacob, Benjamin;  
Meeks, Donnie <Donnie.Meeks@flhealth.gov>;  
... 
Thu 6/11/2015 4:00 PM 
Hey Lori, 
This is Ryan Ortega again. I wanted to make update my request with one additional variable, so for your 
convenience I rewrote the request below. I hope this is not an inconvenience for you as : 
If possible, I would like a county-specific report for all of the counties of Florida spanning the years 2010-
2014. I am only interested in cases of pulmonary TB verified by positive culture, so please stratify the 
data by such. With that in mind, please include the following data for each county: 
 the number and incidence of pulmonary tuberculosis (TB) cases that have been confirmed by 
positive culture 
 the number of (positive culture) pulmonary TB cases stratified by age groups (0-5, 6-10, 11-15, 
16-20, 21-25, 26-30, 31-35, 36-40, 41-45, 46-50, 51-55, 56-60, 61-65, >65 years of age), sex, 
race (White; Black or African American; Hispanic; American Indian & Alaskan Native; Asian; 
Native American & Pacific Islander; Other), ethnicity, homelessness in the past year (Yes/No/Not 
reported), HIV status, correctional facility (Yes/No/Not reported), long-term care facility, 
residence at diagnosis, US or foreign born, years in US, alcohol use, drug use (injecting), drug use 
(non-injecting), and occupation (employed/unemployed) 
Again, the data may be provided in any format that is convenient for you, however, if possible please 
provide it in the form of an excel spreadsheet.  
Thank you again for your time! My contact info is below should you need to reach me. 
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Ryan Ortega, MSPH Candidate 
Global Communicable Diseases 
College of Public Health 
University of South Florida 
Mobile 813.340.1866 
rortega@health.usf.edu 
 
ZJ 
Zabala, Jose <Jose.Zabala@flhealth.gov> 
| 
To: 
Ortega, Ryan;  
Johnston, Lori A. <Lori.Johnston@flhealth.gov>;  
Cc: 
Jacob, Benjamin;  
Meeks, Donnie <Donnie.Meeks@flhealth.gov>;  
... 
Thu 6/11/2015 11:55 AM 
You are very welcome 
We glad to be of service. 
Jose J. Zabala, MHSA 
Field Operations Manager 
Bureau of Communicable Diseases, TB Control Section 
Florida Department of Health 
4052 Bald Cypress Way, Bin A20 
Tallahassee, Fl. 32399-1717 
Office Phone: 850-245-4302, 
Work Cell: 850-528-3627 
Fax: 850-921-9906 
DOH Mission: To protect, promote and improve the health of all people in Florida through 
integrated state, county and community efforts. 
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Please Note: Florida has a very broad public records law. Most written communications to or 
from state officials regarding state business are public records available to the public and media 
upon request. Your email communication may therefore be subject to public disclosure. 
 
OR 
Ortega, Ryan 
| 
To: 
Johnston, Lori A. <Lori.Johnston@flhealth.gov>;  
Zabala, Jose <Jose.Zabala@flhealth.gov>;  
Cc: 
Jacob, Benjamin;  
Meeks, Donnie <Donnie.Meeks@flhealth.gov>;  
... 
Thu 6/11/2015 11:52 AM 
Dear Mr. Jose Zabala and Ms. Lori Johnston, 
Thank you again for your consideration and timeliness in the matter. It has been a real pleasure 
corresponding with you both. And we will certainly communicate with you as any publications are being 
drafted. 
Talk to you soon, and enjoy your day! 
Ryan Ortega, MSPH Candidate 
Global Communicable Diseases 
College of Public Health 
University of South Florida 
Mobile 813.340.1866 
rortega@health.usf.edu 
 
JL 
Johnston, Lori A. <Lori.Johnston@flhealth.gov> 
| 
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To: 
Zabala, Jose <Jose.Zabala@flhealth.gov>;  
Ortega, Ryan;  
Cc: 
Jacob, Benjamin;  
Meeks, Donnie <Donnie.Meeks@flhealth.gov>;  
... 
Thu 6/11/2015 11:23 AM 
Hi Ryan, 
I will be back in the office tomorrow.  We will get this data to you asap.   
 
ZJ 
Zabala, Jose <Jose.Zabala@flhealth.gov> 
| 
To: 
Ortega, Ryan;  
Johnston, Lori A. <Lori.Johnston@flhealth.gov>;  
Cc: 
Jacob, Benjamin;  
Meeks, Donnie <Donnie.Meeks@flhealth.gov>;  
... 
Thu 6/11/2015 11:15 AM 
Mr. Ortega, 
Ms. Lori Johnston will handle your request. She is currently attending a conference in Atlanta 
and she will be back next week. We will provide you with the data that you requested. We have 
certain requirements in order to release the data. Please see below: 
1.     We will provide you with de-identified data set without zip codes 
2.     We do ask if any publication is to be done, that we are notified as courtesy. 
Please contact Ms. Lori Johnston beginning next week in order for her to process your request. 
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Please let me know if you have any questions or concerns regarding this communication. 
Please feel free to call me any time. 
Jose J. Zabala, MHSA 
Field Operations Manager 
Bureau of Communicable Diseases, TB Control Section 
Florida Department of Health 
4052 Bald Cypress Way, Bin A20 
Tallahassee, Fl. 32399-1717 
Office Phone: 850-245-4302, 
Work Cell: 850-528-3627 
Fax: 850-921-9906 
DOH Mission: To protect, promote and improve the health of all people in Florida through 
integrated state, county and community efforts. 
Please Note: Florida has a very broad public records law. Most written communications to or 
from state officials regarding state business are public records available to the public and media 
upon request. Your email communication may therefore be subject to public disclosure. 
 
OR 
Ortega, Ryan 
| 
To: 
Johnston, Lori A. <Lori.Johnston@flhealth.gov>;  
Cc: 
Zabala, Jose <Jose.Zabala@flhealth.gov>;  
Jacob, Benjamin;  
... 
Thu 6/11/2015 10:40 AM 
Dear Mr. Jose Zalaba, 
My name is Ryan Ortega, a graduate student of the USF College of Public Health who recently submitted 
a data request regarding TB incidence throughout Florida counties. I believe Lori Johnston forwarded my 
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request to you on Friday, June 5th, and I simply wanted to check in and see if you needed anything from 
me to facilitate matters. For convenience sake I have included a copy of my original request below:  
If possible, I would like a county-specific report for all of the counties of Florida spanning the years 2010-
2014. I am only interested in cases of pulmonary TB verified by positive culture, so please stratify the 
data by such. With that in mind, please include the following data for each county: 
 the number and incidence of pulmonary tuberculosis (TB) cases that have been confirmed by 
positive culture 
 the number of (positive culture) pulmonary TB cases stratified by age groups, sex, race, 
ethnicity, homelessness in the past year (Yes/No/Not reported), HIV status, correctional facility 
(Yes/No/Not reported), long-term care facility, residence at diagnosis, US or foreign born, years 
in US, alcohol use, drug use (injecting), drug use (non-injecting) 
The data may be provided in any format that is convenient for you, however, an excel spreadsheet 
would be most preferred. 
P.S. Is it possible that I could be given the original dataset of TB cases to work with, assuming of course it 
is de-identified beforehand by removing names, addresses, etc.? 
Our data request is with respect to a research grant that is being helmed by Dr. Benjamin Jacob with the 
USF College of Public Health. I can be reached via email rortega@health.usf.edu or cell 813.340.1866 if 
there are any questions. 
Thank you for your time and consideration,jacob 
Ryan Ortega, MSPH Candidate 
Global Communicable Diseases 
College of Public Health 
University of South Florida 
Mobile 813.340.1866 
rortega@health.usf.edu 
 
OR 
Ortega, Ryan 
| 
To: 
Johnston, Lori A. <Lori.Johnston@flhealth.gov>;  
Cc: 
Zabala, Jose <Jose.Zabala@flhealth.gov>;  
... 
Fri 6/5/2015 4:20 PM 
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Thank you all very much, especially for your timeliness in the matter! If anyone has any questions 
regarding my request I can be reached via cell 813.340.1866 or email rortega@health.usf.edu 
Enjoy your day, 
Ryan Ortega, MSPH Candidate 
Global Communicable Diseases 
College of Public Health 
University of South Florida 
Mobile 813.340.1866 
rortega@health.usf.edu 
 
JL 
Johnston, Lori A. <Lori.Johnston@flhealth.gov> 
| 
To: 
Ortega, Ryan;  
Cc: 
Zabala, Jose <Jose.Zabala@flhealth.gov>;  
... 
Fri 6/5/2015 3:21 PM 
I’ve forwarded your request to my supervisor Jose Zabala.   He is working on getting clearance to release 
this information. 
Lori Johnston 
TB Surveillance Manager 
Bureau of Communicable Diseases, TB Control Section 
Florida Department of Health 
8515 N. Mitchell Ave, Tampa, FL  33604 
Phone: (813) 307-8015 ext. 4771 
Cell: (813) 299-1295 
Fax: (850) 921-9906 
DOH Mission: To protect, promote and improve the health of all people in Florida through integrated 
state, county and community efforts. 
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**Please Note: Florida has a very broad public records law.  Most written communications to or from state officials regarding state 
business are public reocrds available to the public and media upon request.  Your email communications may therefore be subject 
to public disclosure. 
 
OR 
Ortega, Ryan 
| 
To: 
Johnston, Lori A. <Lori.Johnston@flhealth.gov>;  
... 
Fri 6/5/2015 2:37 PM 
Hey, Lori. Thanks for the prompt reply. Yes, we're a little behind schedule on this project so 
the sooner the better. Who shall I correspond with? 
Thank you! 
Ryan 
 
JL 
Johnston, Lori A. <Lori.Johnston@flhealth.gov> 
| 
To: 
Ortega, Ryan;  
Fri 6/5/2015 2:35 PM 
Hi Ryan, 
I’ll be out of town in Atlanta next week attending a conference.  When do you need this data?  I may be 
able to have someone else work on it if you need it sooner. 
Lori Johnston 
TB Surveillance Manager 
Bureau of Communicable Diseases, TB Control Section 
Florida Department of Health 
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8515 N. Mitchell Ave, Tampa, FL  33604 
Phone: (813) 307-8015 ext. 4771 
Cell: (813) 299-1295 
Fax: (850) 921-9906 
DOH Mission: To protect, promote and improve the health of all people in Florida through integrated 
state, county and community efforts. 
**Please Note: Florida has a very broad public records law.  Most written communications to or from state officials regarding state 
business are public reocrds available to the public and media upon request.  Your email communications may therefore be subject 
to public disclosure. 
  
From: Ortega, Ryan [mailto:rortega@health.usf.edu]  
Sent: Friday, June 05, 2015 1:27 PM 
To: Johnston, Lori A. 
Cc: Jacob, Benjamin 
Subject: Data Request for USF Research Grant 
Dear Lori Johnston, 
My name is Ryan Ortega, a graduate student of the USF College of Public Health, and we spoke on the 
phone briefly yesterday regarding a data request for a research grant that I'm working on in 
collaboration with Dr. Jacob of USF and the health department. As requested I am emailing you now 
regarding the specifics of my data request.  
If possible, I would like a county-specific report for all of the counties of Florida spanning the years 2010-
2014. I am only interested in cases of pulmonary TB verified by positive culture, so please stratify the 
data by such. With that in mind, please include the following data for each county: 
 the number and incidence of pulmonary tuberculosis (TB) cases that have been confirmed by 
positive culture 
the number of (positive culture) pulmonary TB cases stratified by age groups, sex, race, 
ethnicity, homelessness in the past year (Yes/No/Not reported), HIV status, correctional facility 
(Yes/No/Not reported), long-term care facility, residence at diagnosis, US or foreign born, years in US, 
alcohol use, drug use (injecting), drug use (non-injecting) 
The data may be provided in any format that is convenient for you, however, if possible please provide it 
in the form of an excel spreadsheet. 
P.S. Is it possible that I could be given the original dataset of TB cases to work with, assuming of course it 
is de-identified beforehand by removing names, addresses, etc. 
I can be reached via email rortega@health.usf.edu or cell 813.340.1866 if there are 
any questions. 
Thank you for your time, consideration and courtesy over the phone! 
Enjoy your day, 
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Ryan Ortega, MSPH Candidate 
Global Communicable Diseases 
College of Public Health 
University of South Florida 
Mobile 813.340.1866 
rortega@health.usf.edu 
 
OR 
Ortega, Ryan 
| 
To: 
lori.johnston@flhealth.gov <Lori.Johnston@flhealth.gov>;  
Cc: 
Jacob, Benjamin;  
... 
Fri 6/5/2015 1:26 PM 
Dear Lori Johnston, 
My name is Ryan Ortega, a graduate student of the USF College of Public Health, and we spoke on the 
phone briefly yesterday regarding a data request for a research grant that I'm working on in 
collaboration with Dr. Jacob of USF and the health department. As requested I am emailing you now 
regarding the specifics of my data request.  
If possible, I would like a county-specific report for all of the counties of Florida spanning the years 2010-
2014. I am only interested in cases of pulmonary TB verified by positive culture, so please stratify the 
data by such. With that in mind, please include the following data for each county: 
 the number and incidence of pulmonary tuberculosis (TB) cases that have been confirmed by 
positive culture 
 the number of (positive culture) pulmonary TB cases stratified by age groups, sex, race, ethnicity, 
homelessness in the past year (Yes/No/Not reported), HIV status, correctional facility (Yes/No/Not 
reported), long-term care facility, residence at diagnosis, US or foreign born, years in US, alcohol use, 
drug use (injecting), drug use (non-injecting) 
The data may be provided in any format that is convenient for you, however, if possible please provide it 
in the form of an excel spreadsheet. 
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P.S. Is it possible that I could be given the original dataset of TB cases to work with, assuming of course it 
is de-identified beforehand by removing names, addresses, etc. 
I can be reached via email rortega@health.usf.edu or cell 813.340.1866 if there are 
any questions. 
Thank you for your time, consideration and courtesy over the phone! 
Enjoy your day, 
Ryan Ortega, MSPH Candidate 
Global Communicable Diseases 
College of Public Health 
University of South Florida 
